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Abstract

Advancements in the observation of light polarization using innovative lensless imaging
devices are widely explored in the scientific field. This Master’s thesis studies the
detection of linear light polarization using a lensless imaging device known as the
DiffuserCam [3]. Light polarization detection holds significant promise across scientific
domains, including biomedical imaging, materials mechanics, and remote sensing. By
integrating linear polarizers into the DiffuserCam setup, this research aims to capture
polarization data in a single instance. Thereby, it increases the efficiency and precision of
polarization measurements while providing a low-cost, accessible, and compact system,
unlike the current state-of-the-art. The study focuses on the reproduction of the Diffuser-
Cam and the computation of Stokes parameters to detect and determine the orientation
of linearly polarized light. The results underline the potential of the DiffuserCam in
various applications involving the detection of light polarization due to its light and
small design, accessible materials, and adaptability. Future directions include exploring
advanced computational techniques for image reconstruction and error mitigation, as
well as extending the system’s capabilities to detect circular polarization, aiming to of-
fer a full-stokes polarization lensless imaging system that is easily replicable and scalable.
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1

Introduction

Polarization is a fundamental property of light that describes the orientation of the
oscillations of light waves. Unlike other properties of light, such as intensity and
wavelength, polarization reveals intricate details about how light interacts with its
environment. This unique characteristic provides valuable insights into the source of
the light and the medium through which it travels, making polarization detection a
critical tool in various fields of science and technology.

In biomedical imaging, polarization can enhance contrast and reveal structural details
of biological tissues that are invisible to conventional imaging techniques. This ability is
crucial for identifying and diagnosing medical conditions with greater accuracy. As for
the field of materials science, polarization analysis can characterize the optical properties
of materials, leading to advances in manufacturing and quality control processes.

Traditional methods of polarization detection often involve complex and bulky optical
setups, such as rotating polarizers or interferometers. These setups can be incon-
venient and expensive, limiting their practical application, especially in portable or
field-deployable systems. The need for more compact, cost-effective and versatile
solutions has driven the search for innovative technologies.

Lensless imaging is a new technology that overcomes these limitations by replacing
the traditional camera lens by computer processing and optical sensors. One of the
lensless imaging systems, the DiffuserCam, uses a diffuser to scatter incoming light and
computational algorithms to reconstruct three-dimensional images from the resulting
light patterns. The DiffuserCam’s ability to capture detailed images without lenses
offers significant advantages in terms of size, cost and diversity.

This thesis explores the integration of linear polarizers into the DiffuserCam system to
detect and analyze linear light polarization. By acquiring polarization information in a
single shot, this approach aims to improve the efficiency and accuracy of polarization
measurements. The study focuses on the analysis of Stokes parameters, which are

1



1. Introduction 2

essential to recovering the orientation and degree of linear polarization. This research
will develop a compact and adaptable system that increases our ability to detect and
analyze the polarization of light, contributing to more efficient and versatile imaging
technologies with a wide range of applications.

Structure of the Master’s thesis

This Master’s thesis is structured in order to provide a complete investigation into the
detection of linear polarization of light using a DiffuserCam. Following this introduction,
the Background chapter reviews the existing research on light polarization detection and
lensless imaging. It provides a critical analysis of previous studies.

The Methodology section details the experimental setup, including the integration of
linear polarizers with the DiffuserCam, and outlines the procedures for acquiring
and analyzing polarization data, along with the sources of error encountered. This is
followed by the DiffuserCam chapter, where the implementation of this lensless imaging
system is reproduced, explained and evaluated. Experimental results of the lensless
polarization camera are presented and discussed in detail in Chapter 4. The PolariCam
chapter highlights the effectiveness of the proposed method and addresses challenges
such as filter attenuation. The Discussion chapter interprets the results in the context of
the wider research landscape, explores the implications of the findings, and suggests
potential improvements.

The main elements of this Master’s thesis are finally summarized in the Conclusion.
Furthermore, it opens the way for future research by raising further questions and
improvements.



2

Background and Methodology

This chapter develops the main concepts used in this Master’s thesis. It provides a de-
tailed overview of lensless imaging, a technology that is gradually replacing traditional
imaging methods. It describes the background and explains the importance of light
polarization. The chapter goes on to describe the methodology used to carry out this
work and the potential sources of error that need to be addressed.

2.1 Lensless imaging

The basic principles of camera design have remained largely unchanged for centuries,
dating back to early concepts by Ibn-al-Haytham [25] and Johann Zahn [26]. Traditional
cameras typically consist of a box containing a lens that directs light onto a sensor,
similar to the human eye. Despite advances in lens and sensor technology, the basic
structure has endured. However, the emergence of new applications, such as wearables
and IoT, requires the development of smaller, lighter cameras, prompting a re-evaluation
of camera optics.

To meet this demand, lensless cameras replace conventional lenses with thin, low-cost
optical encoders and computational algorithms for image reconstruction. This model
belongs to the field of computational imaging, where hardware and software are de-
signed together [10].

Lensless cameras offer many advantages:

- Size: They are extremely compact, some as thin as a millimeter.
- Weight: Their lightness is due to the absence of heavy lenses.
- Cost: They are economically advantageous, significantly reducing costs.
- Scalability: Using semiconductor manufacturing technologies, they are scalable.
- Field of view: They can achieve high resolution and a wide field of view.
- Privacy: Sensor data remains visually undetectable, enhancing privacy.

3



2.1. Lensless imaging 4

- Compressive Imaging: Capture more detailed images, including 3D and hyper-
spectral data, from fewer measurements.

However, lensless cameras have limitations:

- Image quality: Traditional lenses still deliver superior image quality.
- Complexity: Computational reconstruction introduces complexity, which can

increase power consumption and processing time.
- Light Collection: The ability to collect light is limited by the size of the sensor,

unlike conventional lenses, which can be larger to collect more light.

2.1.1 Main components of lensless cameras

Traditional lens-based cameras use a focusing lens to direct light from a scene onto
an image sensor, creating a direct image. In contrast, lensless cameras use an optical
modulator (such as a coded mask or diffuser) positioned close to the sensor to take
indirect measurements. These measurements, although different from the final image,
are processed computationally to reconstruct the image.

Figure 2.1: Traditional lens-based imaging

• Sensor: Typically uses CMOS or CCD arrays for visible light or specialized sensors
for infrared imaging.

• Modulator: Optically encodes scene information using fixed masks (amplitude or
phase) or programmable modulators such as spatial light modulators (SLMs).

• Lighting: Used to enhance image acquisition, it can include ambient, transillumi-
nation, off-chip side illumination, or on-chip integrated illumination methods.

The key points influencing the design of lensless cameras are the sensor-mask distance
and the object distance. While the first one can be minimal, facilitating ultra-thin designs,
the other influences the choice of illumination and resolution.

2.1.2 Categories of lensless cameras

Lensless cameras are categorized based on their modulation method [10].
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Figure 2.2: Lensless imaging

Illumination-Modulated Systems

Illumination-modulated lensless systems utilize controlled lighting to capture various
images for reconstruction:

- Shadow Imaging: This method employs constant illumination to generate shadow
images, enhancing resolution through physical apertures or computational tech-
niques. It is commonly used in lab-on-a-chip microscopy [23].

- Holographic Imaging: Holographic imaging utilizes coherent light to capture
detailed diffraction patterns, enabling high-fidelity reconstruction [5]. It finds
applications in analyzing biological samples such as blood cells and cancer tissues.

- Time-Resolved Imaging: This technique involves using pulsed light and time-
resolved sensors to capture time-of-flight data [27]. However, it is limited by
complex equipment and reconstruction methods.

Mask-Modulated Systems

Mask-modulated lensless systems employ a fixed optical mask to modulate incoming
light, creating versatile cameras suitable for various object distances and lighting con-
ditions. These systems capture light patterns on a sensor, which are then decoded
computationally to produce images [20].

In a mask-modulated system, the optical mask modulates the incoming light, shaping
its intensity or phase distribution. When light passes through the mask and interacts
with the object, it forms a light pattern on the sensor. This pattern, known as the PSF,
represents how each point in the object space is spread out or blurred on the sensor plane.

The PSF encapsulates important information about the imaging system, including its
resolution, aberrations, and spatial characteristics. Understanding and controlling
the PSF are essential for reconstructing high-quality images from the sensor data in
mask-modulated systems. By designing the optical mask and the system’s computa-
tional algorithms to optimize specific PSF properties, such as sharpness and uniformity,
researchers can enhance the system’s imaging performance and capabilities.
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Such systems are well represented in these examples:

• FlatCam: Utilizes a separable amplitude mask for thin cameras [4].
• FlatScope: A miniaturized design for 3D fluorescence microscopy [16].
• DiffuserCam: Uses a diffuser to create high-contrast PSFs for 2D and 3D imaging

[3].

These systems offer versatility, compactness, and high-resolution imaging capabilities.
However, amplitude masks have low light throughput, while phase masks can be
expensive and complex to fabricate.

Programmable Modulated Systems

Programmable modulators, such as LCD, LCoS, and DMD, enable dynamic optical
encoding for lensless cameras. This adaptability allows for capturing multiple lensless
images, thereby enhancing reconstruction quality and reducing the required sensor
pixels [28].

These systems offer improved reconstruction and flexibility in adapting to different
imaging scenarios and object dynamics. However, the increased number of measure-
ments may complicate reconstruction algorithms and limit the imaging of dynamic
objects.

2.1.3 Image Reconstruction

The image reconstruction process in lensless cameras differs from traditional lens-based
systems due to the absence of a lens. Instead, computational reconstruction is required
to recover the scene intensity from sensor measurements. The process consists of
calibration and measurements along with reconstruction algorithms. The often linear
relation between sensor measurements 𝑦 and scene intensity 𝑥 is described by a forward
model.

For 2D imaging, this model can be simplified using convolutional or separable approxi-
mations, significantly reducing the computational complexity. For 3D imaging, similar
forward models can be extended to account for depth-dependent transfer functions.
Light-field representations and holographic approaches offer alternative ways of extract-
ing 3D information.

One important element for image reconstruction is the calibration of the imaging system.
It is essential to accurately estimate model parameters, either through computational
models or experimental measurements. Then, the reconstruction algorithms typically
involve convex optimization to minimize the difference between measured and esti-
mated data, while incorporating regularization to improve image quality. Data-driven
techniques, particularly deep learning, have shown promise in improving reconstruction
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accuracy by leveraging large data sets and learning complex patterns in the data.

These approaches enable the reconstruction of high-quality images from lensless camera
measurements, with implications for applications as diverse as microscopy, surveillance
and biomedical imaging.

2.1.4 Applications

In photography, lensless systems record scene details directly onto sensors, enabling
features like comprehensive 2D imaging with consistent focus, the ability to adjust focus
afterward, and even 3D imaging, especially effective for close-up shots. The work on the
DiffuserCam [3] is one of the main photography applications that we describe later on
in Chapter 3.

Microscopy can benefit from the compact nature of lensless imaging systems, offering
wide Fields of View (FoV) and high resolution. However, challenges remain in achieving
precise chromatic filtering, particularly in fluorescence mode such as in the FlatScope
camera developed by Jesse K. Adams [16].

Emerging applications include lensless endoscopy and privacy-focused systems using
holography imaging, like the work of Noam Badt and Ori Katz on holographic lensless
micro-endoscopy [5].

Looking ahead, lensless imaging holds potential for applications limited by space, such
as under-display cameras and micro-robotic vision, with the possibility of adaptable
imaging surfaces. The efficiency of computational implementation is crucial, with
potential solutions including wireless transmission of data and low-power processing
Systems on Chips (SoCs).

Beyond imaging, lensless systems have potential for vision and inference applications,
including but not limited to face detection and gesture recognition [24].

2.2 Light polarization

Light polarization is a fundamental property of light that describes the orientation of its
oscillations. This property can be exploited in various imaging and sensing applications
to gain additional information about a scene or material that is not available through
intensity measurements alone [21].
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2.2.1 Basics of Polarization

Polarization refers to the orientation of the oscillations of the electric field vector in a light
wave. In unpolarized light, the oscillations occur in all possible directions perpendicular
to the direction of propagation. In polarized light, the oscillations are restricted to
specific directions.

There are three primary types of polarization:
• Linear Polarization: The electric field

oscillates in a single plane. This can be
further classified into horizontal and
vertical polarization, depending on the
orientation of the oscillation.

• Circular Polarization: The electric
field vector rotates in a helical pattern
as the light propagates. This can be
right-handed or left-handed, depending
on the rotation direction.

• Elliptical Polarization: This is a general
form of polarization where the electric
field vector describes an ellipse in
any given plane perpendicular to the
direction of propagation. Linear and
circular polarizations are special cases
of elliptical polarization.

Propagation
Direction

Linearly
Polarized Light

Propagation
Direction

Circularly Polarized
Light

Propagation
Direction

Elliptically Polarized
Light

Figure 2.3: Types of polarized light waves

2.2.2 Detection of Polarized Light

In order to recover more information about a scene through light propagation’s charac-
teristics, detection techniques need to be implemented.

Most polarization detection techniques involve using a set of polarizing filters in front of
a camera. This technique is called Polarimetric Imaging and can reveal surface properties
or stress patterns by analyzing the polarization state across the scene.

Polarizing filters are optical elements that selectively transmit light in a specific polariza-
tion state. Common types include:

• Linear Polarizers: These filters transmit light with electric fields oscillating in a
specific direction while blocking perpendicular components. They are used in
photography, LCD screens, and scientific instruments.
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• Circular Polarizers: These consist of a linear polarizer followed by a quarter-wave
plate, which converts linearly polarized light into circularly polarized light and
vice versa.

In addition to polarizing filters, polarimetry imaging uses the Stokes parameters to
obtain the polarization state of light.

2.2.3 Polarization in Imaging

Polarization imaging enhances the capabilities of traditional imaging systems by pro-
viding additional contrast mechanisms. Applications include:

• Biomedical Imaging [15]: Polarization can differentiate between healthy and
diseased tissues, detect birefringent structures like collagen, and improve contrast
in microscopy.

• Remote Sensing: Polarization measurements from satellites and aircraft can detect
surface features, atmospheric particles, and water bodies with greater accuracy.
The work developed for imaging through scattering media [18] is a good example
of polarimetric imaging that can be used for this application.

• Material Science: Analyzing the polarization of reflected light can reveal surface
roughness, stress distributions, and structural properties of materials [19].

Despite its advantages, polarization imaging faces several challenges [10]:

• Alignment and Calibration: Precise alignment of polarizing elements and accurate
calibration are crucial for reliable measurements.

• Environmental Influences: Ambient light, reflections, and scattering can affect
polarization measurements, necessitating careful control and correction.

• Data Processing: Interpreting polarization data requires complex algorithms and
can be computationally intensive, especially for real-time applications.

2.3 Methodology followed

The purpose of this Master’s thesis is to develop a system that can detect linearly
polarized light and determine its orientation in a single image using lensless imaging.
This was achieved in the conception of a lensless polarization camera that uses very
specific materials to obtain a full-Stokes imaging system [6]. However, we aim to develop
a system that is accessible and easily reproduced. This is realized by integrating a set of
linear polarizers into the DiffuserCam setup, the innovative imaging system developed
by Laura Waller’s team [3]. The following subsections outline the key components and
steps involved in this methodology.

2.3.1 DiffuserCam System

The DiffuserCam is an optical system that captures the light information of a scene
using a diffuser and a conventional camera sensor. The diffuser used is tape, where
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the glue scatters incoming light in a known, random pattern. The camera sensor then
captures this scattered light, and computational algorithms are used to reconstruct the
image. This system allows for lensless imaging and has the advantage of being compact
and cost-effective. The DiffuserCam’s implementation is reproduced in Chapter 3 of
this work.

2.3.2 Integration of Linear Polarizers

To enable the detection of linearly polarized light, a set of linear polarizers is placed
between the diffuser and the camera sensor. The polarizers are oriented at different
angles, specifically at 0◦, 45◦, 90◦, and 135◦. This configuration allows the system to
capture the intensity of light transmitted through each polarizer orientation in a single
shot. The mathematical model and final produced setup of the so-called PolariCam are
developed in Chapter 4.

In the experimental setup, light from the scene passes through the diffuser, which scat-
ters the light. This scattered light then passes through the set of linear polarizers before
reaching the camera sensor. The camera captures the intensity patterns corresponding
to each polarizer orientation simultaneously.

The captured data consists of four intensity images, each corresponding to one of the
polarizer orientations (0◦, 45◦, 90◦, and 135◦). These intensity images are denoted as 𝐼0,
𝐼45, 𝐼90, and 𝐼135 respectively.

2.3.3 Polarization State Determination

To determine the polarization state of the light, the captured intensity data is processed
to compute the phase shift between the vector of the light source’s components as well
as the Stokes parameters. These Stokes parameters provide a complete description of
the polarization state of the light, including its intensity (𝐼), degree of linear polarization
along different axes (𝑄 and𝑈).

2.3.4 Validation and Calibration

Validation and calibration procedures ensure the system’s accuracy and reliability. Using
known polarized light sources, the system’s response is tested, and systematic errors
are adjusted. Calibration corrects discrepancies caused by the diffuser, polarizers, or
camera sensor. The system’s performance is evaluated by comparing reconstructed
images with theoretical predictions and ground truth measurements, using metrics like
accuracy, precision, and robustness.
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2.3.5 Sources of Errors

The accurate detection of linearly polarized light can be influenced by several sources of
error. These errors can arise from the light source, optical elements, the environment,
and the computational processes involved in image reconstruction. Understanding
these error sources is crucial for improving the precision and reliability of polarization
measurements.

External Noise

Physical noise sources, such as dust particles on optical components or the sensor, can
scatter light and introduce artifacts into the measurements. Thermal noise, caused by
the random motion of electrons in the sensor, can also degrade image quality. Thermal
noise increases with temperature, making it important to maintain stable and controlled
environmental conditions during measurements.

Saturation of the sensor

Saturation errors in camera sensors occur when light intensity exceeds the sensor’s
dynamic range, causing pixels to reach their maximum value. The result is a clipping
of highlights and a loss of detail. Saturated pixels can’t distinguish brightness levels
beyond their capacity, resulting in flat, white areas in images with high contrast. As the
PolariCam system is based on definite intensity measurements, sensor saturation is an
issue that needs to be addressed beforehand to avoid false results.

Filter Attenuation of Intensity

Polarizing filters, while essential for detecting polarized light, inherently attenuate
the intensity of the transmitted light. This attenuation reduces the signal-to-noise
ratio (SNR) and can affect the accuracy of the polarization measurements, especially in
low-light conditions. To assess this type of issue, the calibration step of the polarization
detection includes measurements to obtain the transmission ratio between the captured
intensity of the light going through polarizers and the original measurements without a
filter. This is done in Chapter 4.



3

DiffuserCam

The DiffuserCam [3] developed by Laura Waller and her team is implemented and
explained in this chapter. This concept of a lensless camera is used to create a compact
and low cost end device.

The DiffuserCam algorithm reconstructs images from the light scattered by a diffuser
forming a caustic pattern on the sensor. The main steps include calibration, forward
modeling and inverse problem solving using optimization techniques.

3.1 Construction and Calibration

The physical design of the DiffuserCam involves using a small lensless camera and
placing tape in front of it to act as a diffuser. In this work, a PiCamera (Figure 3.1a)
whose lens must be removed before the experiments and a double-sided tape (Figure
3.1b) were used, as explained in the building guide [9]. The physical installation is
shown in Figure 3.2.

(a) RaspberryPi and PiCamera [22] (b) Double-sided tape [2]

Figure 3.1: Principal materials used for the construction of the DiffuserCam

12
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Figure 3.2: Physical installation of the DiffuserCam

3.1.1 Evaluation of the PSFs

Key variables in the setup include the distance between the sensor and the diffuser,
the focal distance 𝑑 𝑓 , and the distance between the diffuser and the point light source,
referred to as 𝑑𝑠 . Evaluating these distances, represented in Figure 3.3, during the
installation is crucial for focusing the camera and obtaining meaningful results. This
involves observing the caustic pattern resulting from the Point Spread Function (PSF) of
the diffuser, as shown in Figure 3.4.

Figure 3.3: Distances variables 𝑑𝑠 and 𝑑 𝑓

When the diffuser is properly focused, the caustic lines should be thin with high
contrast, spanning multiple directions. The quantitative metric for comparing PSFs
and evaluating the optimal one is the Full Width at Half Maximum (FWHM) of the
PSF’s auto-correlation peak [13]. Achieving minimal width indicates the optimal PSF,
resulting in appropriate focal distance, 𝑑 𝑓 , and source distance, 𝑑𝑠 .

First, by moving the camera sensor closer to the diffuser at each measurement, one can
observe the influence of the focal distance on the PSF’s auto-correlation. The results are
shown in Figure 3.5 for a fixed source distance 𝑑𝑠 = 50𝑐𝑚.
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Figure 3.4: Caustic pattern resulting from the Point Spread Function (PSF) of the diffuser
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(a) Auto-correlation results for
𝑑 𝑓 = 0.1𝑐𝑚
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(b) Auto-correlation results for
𝑑 𝑓 = 0.5𝑐𝑚
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(c) Auto-correlation results for
𝑑 𝑓 = 0.9𝑐𝑚

Figure 3.5: Auto-correlation results for a PSF evaluated at different focal distances, 𝑑 𝑓 and 𝑑𝑠 = 50𝑐𝑚

The evaluation of the FWHM corresponding to the cross-section of each auto-correlation
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in Figure 3.5 is given in Table 3.1.

df = 0.1cm df = 0.5cm df = 0.9cm

Peak FWHM [𝑝𝑥𝑙/1200] 4.618 6.235 6.779

Table 3.1: Evaluation of the auto-correlation curves for the PSF calibration with different focal distances,
𝑑 𝑓 , and 𝑑𝑠 = 50𝑐𝑚

The results show that the minimal width is obtained for a minimal focal distance
𝑑 𝑓 = 0.1𝑐𝑚.

Then, for a fixed focal distance 𝑑 𝑓 = 0.3𝑐𝑚, the variation of the source distance 𝑑𝑠 gives
the results depicted in Figure 3.6.
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(a) Auto-correlation results for
𝑑𝑠 = 50𝑐𝑚
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(b) Auto-correlation results for
𝑑𝑠 = 35𝑐𝑚
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(c) Auto-correlation results for
𝑑𝑠 = 20𝑐𝑚

Figure 3.6: Auto-correlation results for a PSF evaluated at different source distances
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The FWHM corresponding to the cross-section of each auto-correlation in Figure 3.6
are computed and gathered in Table 3.2. The farther away the source is, the better the
results are.

ds = 20cm ds = 35cm ds = 50cm

Peak FWHM [𝑝𝑥𝑙/1200] 8.872 6.667 5.599

Table 3.2: Evaluation of the auto-correlation curves for the PSF calibration with different source-diffuser
distances, 𝑑𝑠 , and 𝑑 𝑓 = 0.3𝑐𝑚

The evolution of the Full Width at Half Maximum with respect to the focal distance and
for various source distances is rendered in a graph in Figure 3.7.
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Figure 3.7: Evolution of the auto-correlation’s cross-section with respect to the focal distance, for different
source distances

The measurements suggest that positioning the light source farther from the diffuser
while bringing the sensor closer to the diffuser yields the most favorable Point Spread
Function (PSF). However, the camera being calibrated with a source far from the sensor
will result in a smaller image at reconstruction. This observation is shown later in the
chapter, in Section 3.3.

3.1.2 Hypothesis of the DiffuserCam

The final imaging system is based on the assumptions of linearity and shift-invariance,
thereby enabling the forward model described subsequently in Section 3.2. To observe
these assumptions, we need to create an aperture in front of the camera setup.
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The dimensions of the sensor are specified in the Raspberry camera module documenta-
tion [12] as 3.68 × 2.76 𝑚𝑚. To take account of the aperture required, this area is then
reduced using opaque black adhesive tape. The modeling and result of this aperture
are represented in Figure 3.8.

(a) Modeling of the PSF captured with an aperture (b) Impact of the aperture on the PSF

Figure 3.8: Aperture in front of the diffuser and the camera sensor

The system is therefore shift-invariant, meaning that the sensor reading of the PSF shifts
along with the shift of the source, as depicted in Figure 3.9.

(a) Lateral shift of the light source (b) Lateral shift of the light source

(c) Vertical shift of the light source (d) Vertical shift of the light source

Figure 3.9: Impact of the light source shifting on the PSF

Moreover, we consider that the sensor has a linear response to light intensity. This
results in a direct correlation between adjustments made to the intensity of a point
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source and changes in the sensor readings.

Finally, given the inconsistency of the light sources, the Point Spread Function (PSF)
resulting from two distinct sources is the superposition of their individual PSF. This can
be observed in Figure 3.10. Consequently, the assumption of linearity is supported.

Figure 3.10: Contributions of two point sources resulting in their superposition.

3.2 Image Reconstruction

In order to reconstruct the image captured by the DiffuserCam, as opposed to a traditional
lens camera, the data must be processed using an algorithm to solve an optimization
problem. The first step is to specify the forward model of the camera, then formulate
the inverse problem and apply specific algorithms for solving the problem [8]. These
steps are described in this section.

3.2.1 Forward Model

The core problem in image reconstruction for DiffuserCam is to model the light propa-
gation from the object scene to the sensor. The signal captured by the DiffuserCam is
denoted 𝑏 while the image needed to be reconstructed is 𝑣.

As shown in Subsection 3.1.2, the system is linear and shift-invariant (LSI). The light
intensity distribution 𝑣 at the scene can be represented as a sum of point sources. The
captured signal 𝑓 (𝑣) is represented by a 2D convolution between the light source signal
𝑣 and Point Spread Function ℎ such as in equation 3.1.

𝑏 = 𝑓 (𝑣) = ℎ ∗ 𝑣 (3.1)

In practice, 𝑓 is treated as a matrix operation. Since matrices operate on vectors, the
images are vectorized by stacking the columns. For an 𝑚 × 𝑛 sensor, the image becomes
a vector of length 𝑚𝑛. Thus, the convolution can be represented as:
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𝑓 (𝑣) = ℎ ∗ 𝑣 ⇐⇒ 𝑓 (v) = Mv (3.2)

However, the sensor captures only part of this convolution due to its finite size. Hence,
the sensor reading is a cropped convolution: The forward model can be expressed with

𝑓 (𝑣) = crop(ℎ ∗ 𝑣) ⇐⇒ 𝑓 (v) = CMv = Av (3.3)

where C represents the cropping operation and A is shorthand for CM.

3.2.2 Inverse Problem

To reconstruct 𝑣 from 𝑏, the problem 𝐴𝑣 = 𝑏 needs to be solved. Direct inversion
of 𝐴 is not possible due to loss of information in the cropping operation, making C
non-invertible, while the convolution with ℎ may also not be invertible, making M
potentially non-invertible.
Thus, the reconstruction is framed as an optimization problem:

v∗ = arg min
v

1
2 ∥Av − b∥22 (3.4)

Given that A is large (on the order of 1012 entries for a typical sensor), storing it in
memory is impractical. Therefore, algorithms using the linear operators of 𝑓 , specifically
crop and convolution, which have efficient 2D implementations, are required.

3.2.3 Algorithms

To solve for v, the main methods developed in Laura Waller’s work [8] are the Gradient
Descent (GD) and the Alternating Direction Method of Multipliers (ADMM). These
algorithms are quickly described here under with the main mathematical expressions
implemented.

Gradient Descent (GD)

Gradient descent iteratively minimizes a convex function by moving in the direction of
the negative gradient. For this problem:

𝑔(v) = 1
2 ∥Av − b∥22 (3.5)

∇v𝑔(v) = A𝐻(Av − b) (3.6)

Here, A𝐻 is the adjoint of A. Using properties of linear operators:

Av = CMv ⇒ A𝐻v = M𝐻C𝐻v (3.7)

The adjoint of the convolution 𝑀 is represented using Fourier transforms. The Fourier



3.2. Image Reconstruction 20

operator ℱ and its properties along with the convolution theorem are expressed in the
following expressions, from Equation 3.8 to Equation 3.10.

ℎ ∗ 𝑣 = ℱ −1 (ℱ (ℎ) · ℱ (𝑣)) (3.8)

ℱ (𝑣) ⇐⇒ Fv (3.9)

ℱ (ℎ) · ℱ (𝑣) ⇐⇒ diag(Fh)Fv (3.10)

This results in Expression 3.12.

Mv⇐⇒ F−1(diag(Fh)Fv) (3.11)

M𝐻v = F−1(diag(Fh)∗Fv) (3.12)

The adjoint of the cropping operation C is zero-padding. Thus:

A = CF−1diag(Fh)F (3.13)

A𝐻 = F−1diag(Fh)∗FC𝐻 (3.14)

In practical implementation, an initial guess 𝑣0 is used, and it is iteratively updated:

v𝑘+1 ← v𝑘 − 𝛼𝑘A𝐻(Av𝑘 − b)

with 𝛼𝑘 as the step size. For efficient computation, Fourier transforms and pointwise
multiplications are used, avoiding direct manipulation of A.

It is important to choose the right step size 𝛼 to ensure that the algorithm converges
appropriately. If 𝛼 is too large, the algorithm may overshoot the minimum and fail to
converge. On the other hand, if 𝛼 is too small, the algorithm will converge very slowly
[14].

A key rule concerns the Lipschitz constant 𝐿 of the gradient of the function 𝑓 (𝑣). The
gradient ∇ 𝑓 (𝑣) is said to be Lipschitz continuous if there exists a constant 𝐿 > 0 such
that for all 𝑣 and 𝑤:

∥∇ 𝑓 (𝑣) − ∇ 𝑓 (𝑤)∥ ≤ 𝐿∥𝑣 − 𝑤∥

For GD to converge, 𝛼 must be chosen such that

𝛼 <
1
𝐿

This ensures that each step of the gradient descent avoids overshooting the minimum of
the function 𝑓 (𝑣).
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Accelerated Gradient Descent - Nesterov Momentum: To speed up convergence, a
momentum term is added, incorporating the old descent direction into the new one:

v0 =
𝐼

2 , 𝜇 = 0.9, p0 = 0

for 𝑘 ∈ [0, 𝑖𝑡𝑒𝑟𝑠] :

p𝑘+1 ← 𝜇p𝑘 − 𝛼𝑘∇𝑔(v𝑘)
v′𝑘+1 ← v𝑘 − 𝜇p𝑘 + (1 + 𝜇)p𝑘+1

v𝑘+1 ← projv≥0(v′𝑘+1)

Fast Iterative Shrinkage-Thresholding Algorithm (FISTA): This algorithm further
accelerates the descent by incorporating a proximal step.

v0 =
𝐼

2 , 𝑡1 = 1, 𝑥0 = v0

for 𝑘 ∈ [0, 𝑖𝑡𝑒𝑟𝑠] :

𝑥𝑘 ← 𝑝𝐿(𝑣𝑘)

𝑡𝑘+1 ←
1 +

√
1 + 4𝑡2

𝑘

2

v𝑘+1 ← 𝑥𝑘 +
𝑡𝑘 − 1
𝑡𝑘+1
(𝑥𝑘 − 𝑥𝑘−1)

Alternating Direction Method of Multipliers (ADMM)

ADMM is particularly effective for problems involving separable objectives or constraints
[11]. The optimization problem is rewritten to introduce auxiliary variables in Equation
3.15.

v = arg min
𝑤≥0,𝑢,𝑥

1
2 ∥b − C𝑥∥22 + 𝜏∥𝑢∥1 (3.15)

Such that 𝑥 = Mv, 𝑤 = v, 𝑢 = Ψv.

The augmented Lagrangian for this problem is:

ℒ({v, 𝑥, 𝑤, 𝑢}, {𝜉, 𝜂, 𝜌}) = 1
2 ∥b − C𝑥∥22 + 𝜏∥𝑢∥1 + 𝐼+(𝑤)

+ 𝜇1

2 ∥Mv − 𝑥∥22 + 𝜉𝑇(Mv − 𝑥)

+
𝜇2

2 ∥Ψv − 𝑢∥22 + 𝜂𝑇(Ψv − 𝑢)

+
𝜇3

2 ∥v − 𝑤∥
2
2 + 𝜌𝑇(v − 𝑤)

Here, 𝜉, 𝜂, and 𝜌 are the dual variables (Lagrange multipliers), and 𝜇1, 𝜇2, and 𝜇3 are
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penalty parameters.

The ADMM algorithm alternates between updating the variables 𝑥, 𝑤, 𝑢, v, and the
dual variables 𝜉, 𝜂, and 𝜌. The steps are as follows for 𝑘 ∈ [0, 𝑖𝑡𝑒𝑟𝑠].

1. Update 𝑢:

𝑢𝑘+1 ← SoftThresh(Ψv𝑘 +
𝜂𝑘
𝜇2
,
𝜏
𝜇2
) (3.16)

with the soft-thresholding operator used defined as:

SoftThresh(𝑥, 𝜏) = sign(𝑥)max(|𝑥 | − 𝜏, 0) (3.17)

2. Update 𝑥:
𝑥𝑘+1 ← (C𝑇C + 𝜇1𝐼)−1(C𝑇b + 𝜇1Mv𝑘 + 𝜉𝑘) (3.18)

3. Update 𝑤:

𝑤𝑘+1 ← max
(
𝜌𝑘
𝜇3
+ v𝑘 , 0

)
(3.19)

4. Update v:

v𝑘+1 ← (Ψ𝑇Ψ + 𝜇1M𝑇M + 𝜇3𝐼)−1𝑟𝑘 (3.20)

where
𝑟𝑘 = 𝜇3𝑤𝑘+1 − 𝜌𝑘 +Ψ𝑇(𝜇2𝑢𝑘+1 − 𝜂𝑘) +M𝑇(𝜇1𝑥𝑘+1 − 𝜉𝑘)

5. Update dual variables 𝜉, 𝜂, 𝜌:

𝜉𝑘+1 ← 𝜉𝑘 + 𝜇1(𝑥𝑘+1 −Mv𝑘+1)

𝜂𝑘+1 ← 𝜂𝑘 + 𝜇2(𝑢𝑘+1 −Ψv𝑘+1)

𝜌𝑘+1 ← 𝜌𝑘 + 𝜇3(𝑤𝑘+1 − v𝑘+1)

3.3 DiffuserCam Image Reconstruction Results

Once the setup has been installed and the reconstruction algorithms have been imple-
mented, images can be reconstructed using the DiffuserCam. Using simple black and
white source images such as the ones illustrated in Figure 3.11, the parameters of the
DiffuserCam reconstruction processes are analyzed in this section. The two parameters
considered are the downsampling factor 𝑓 = 1

2𝑘 with 𝑘 a positive integer, and the number
of iterations in the process 𝑖𝑡𝑒𝑟𝑠. These parameters need to be set in the configuration
file associated with the chosen reconstruction algorithm.
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(a) Original image of 2
punctual sources

B
(b) Original image of
the letter B

(c) Original image of a
simple panda drawing

(d) Captured PSF used for
the reconstruction

Figure 3.11: Original images used for the reconstruction algorithm tests and the captured PSF

3.3.1 Simulation results

In order to better observe the influence of the reconstruction algorithm parameters on
the final image reconstruction, the raw data were simulated to avoid environmental
noise due to poor scene lighting or other physical factors. The raw data were simulated
by convolution between the original images and the captured PSF. The raw data obtained
by simulation are shown in Figure 3.12.

(a) Simulated raw data of 2
punctual sources

(b) Simulated raw data of the
letter B

(c) Simulated raw data of a sim-
ple panda drawing

Figure 3.12: Simulated raw data

Four different configurations were implemented into the image reconstruction algo-
rithms for each parameter to evaluate. They are provided in Tables 3.3 and 3.4.

Evaluated parameter Config. 1 Config. 2 Config. 3 Config. 4 Fixed parameter

Downsampling factor, 𝒇 0.0625 0.125 0.25 0.5 𝑖𝑡𝑒𝑟𝑠 = 150
Number of iterations, 𝒊𝒕𝒆𝒓𝒔 10 75 200 500 𝑓 = 0.25

Table 3.3: GD configuration parameters

The downsampling factor 𝑓 corresponds to the reduction in resolution of the image the
algorithm is going to be applied to. Therefore, as it can be seen in the reconstruction
results for various 𝑓 values in Figures 3.13 and 3.14, the smaller the resolution is, the
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Evaluated parameter Config. 1 Config. 2 Config. 3 Config. 4 Fixed parameter

Downsampling factor, 𝒇 0.0625 0.125 0.25 0.5 𝑖𝑡𝑒𝑟𝑠 = 15
Number of iterations, 𝒊𝒕𝒆𝒓𝒔 3 10 30 50 𝑓 = 0.25

Table 3.4: ADMM configuration parameters

less accurate the reconstructions appear compared to the original images.

(a) 𝑓 = 0.0625 (b) 𝑓 = 0.125 (c) 𝑓 = 0.25 (d) 𝑓 = 0.5

Figure 3.13: Gradient Descent reconstruction with simulated raw data for different downsampling factors

(a) 𝑓 = 0.0625 (b) 𝑓 = 0.125 (c) 𝑓 = 0.25 (d) 𝑓 = 0.5

Figure 3.14: Alternating Direction Method of Multipliers reconstruction with simulated raw data for
different downsampling factors

The influence of the number of iterations on the image reconstructions can be observed
in Figures 3.15 and 3.16. Qualitatively, as the number of iterations increases, both GD
and ADMM reconstructions give more detailed and precise results compared to the
original images.

3.3.2 Image Reconstruction Quality Metrics

To evaluate quantitatively the reconstructions, the following metrics are used and can
therefore assess the quality of the reconstructed images [7].

• The Mean Squared Error (MSE): measures the average squared difference between
the original and reconstructed image pixels. The smaller the error is, the better
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(a) Number of iterations
= 10

(b) Number of iterations
= 75

(c) Number of iterations
= 200

(d) Number of iterations
= 500

Figure 3.15: Gradient Descent reconstruction with simulated raw data for different number of iterations

(a) Number of iterations
= 3

(b) Number of iterations
= 10

(c) Number of iterations
= 30

(d) Number of iterations
= 50

Figure 3.16: Alternating Direction Method of Multipliers reconstruction with simulated raw data for
different number of iterations

the image reconstruction is. If 𝐼 and 𝐾 are two images of dimensions 𝑀 × 𝑁 , the
MSE is defined as:

MSE =
1

𝑀𝑁

𝑀∑
𝑖=1

𝑁∑
𝑗=1
(𝐼(𝑖 , 𝑗) − 𝐾(𝑖 , 𝑗))2 (3.21)

• Peak Signal-to-Noise Ratio (PSNR): quantifies the ratio between the maximum
possible power of a signal and the power of corrupting noise. The higher the ratio,
the more accurate the reconstruction is. It is given by:

PSNR = 10 · log10

(
𝐿2

MSE

)
(3.22)

where 𝐿 is the maximum possible pixel value of the image.

• The Structural Similarity Index (SSIM): assesses the similarity between two
images based on luminance, contrast, and structure. A higher value results in a
higher similarity level. It is defined as:

SSIM(𝑥, 𝑦) =
(2𝜇𝑥𝜇𝑦 + 𝐶1)(2𝜎𝑥𝑦 + 𝐶2)
(𝜇2

𝑥 + 𝜇2
𝑦 + 𝐶1)(𝜎2

𝑥 + 𝜎2
𝑦 + 𝐶2)

(3.23)
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where:

𝜇𝑥 = average of 𝑥

𝜇𝑦 = average of 𝑦

𝜎2
𝑥 = variance of 𝑥

𝜎2
𝑦 = variance of 𝑦

𝜎𝑥𝑦 = covariance of 𝑥 and 𝑦

𝐶1 = (𝐾1𝐿)2

𝐶2 = (𝐾2𝐿)2

𝐶1 and 𝐶2 are constant terms used to avoid zero-divisions, with 𝐾1 and 𝐾2, some
small constants.

• The Learned Perceptual Image Patch Similarity (LPIPS): is a metric designed to
assess the perceptual similarity between two images using deep neural network
features. A smaller value leads to a higher similarity level.

If 𝐹(𝑥) and 𝐹(𝑦) represent the feature maps of images 𝑥 and 𝑦 obtained from a
neural network, LPIPS is defined as:

LPIPS(𝑥, 𝑦) =
∑
𝑙

1
𝐻𝑙𝑊𝑙

𝐻𝑙∑
ℎ=1

𝑊𝑙∑
𝑤=1
∥𝐹𝑙(𝑥)ℎ𝑤 − 𝐹𝑙(𝑦)ℎ𝑤 ∥22 (3.24)

where:

𝐹𝑙(𝑥) = feature map of image 𝑥 at layer 𝑙

𝐹𝑙(𝑦) = feature map of image 𝑦 at layer 𝑙

𝐻𝑙 = height of the feature map at layer 𝑙

𝑊𝑙 = width of the feature map at layer 𝑙

∥ · ∥2 = Euclidean distance (or 𝐿2 norm)

3.3.3 Evaluation and discussion

First, the reconstructed images for the letter B are being evaluated using the previously
developed metrics to assess the quality of the reconstruction. The results are given in
the graphs in Figure 3.17 and Figure 3.18.

The evolution of the metrics with respect to the downsampling factor and the number
of iterations leads to the same conclusion as in the qualitative observations of the
reconstructions. The results are more accurate for a larger number of iterations and a
higher value of the downsampling factor.

Moreover, the Gradient Descent algorithm can be compared to the Alternating Direction
Method of Multipliers using the graphs from Figure 3.18. They show that for the same
number of iterations and factor of downsampling (𝑖𝑡𝑒𝑟 = 10 and 𝑓 = 0.25), the ADMM
reconstruction gives better results. In order to obtain the same metric values, the GD
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Figure 3.17: Graphs of the metrics with respect to the downsampling factor 𝑓
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Figure 3.18: Graph of the metrics with respect to the number of iterations 𝑖𝑡𝑒𝑟𝑠

algorithm will need a larger amount of iterations, resulting in higher computational
times.

To evaluate the quality of image reconstruction for diverse sources in terms of complexity,
such as details and shape, the algorithms are applied to the three different original
images from Figure 3.11 for each configuration that is considered.
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The simulation results obtained for each original image with both reconstruction meth-
ods are shown in Figure 3.19 for the GD algorithm and in Figure 3.20 for the ADMM
algorithm. These results were recovered using the configuration file with the highest
downsampling factor (Config. 4: 𝑓 = 0.5).

(a) Reconstruction of 2 punc-
tual sources

(b) Reconstruction of the letter
B

(c) Reconstruction of a simple
panda drawing

Figure 3.19: Gradient Descent reconstruction with simulated raw data

(a) Reconstruction of 2 punc-
tual sources

(b) Reconstruction of the letter
B

(c) Reconstruction of a simple
panda drawing

Figure 3.20: Alternating Direction Method of Multipliers reconstruction with simulated raw data

Moreover, to illustrate the potential of the DiffuserCam, the results of image recon-
structions using the experimental setup are depicted in Figure 3.21. This confirms the
trade-off explained in the calibration part of this chapter, in Subsection 3.1.1, stating
that the farther away the source is and the closer the sensor is, both with respect to the
diffuser, the smaller the reconstruction image will be.

Tables 3.5 and 3.6 summarize the evaluation results for the obtained reconstructions
compared to the original images.

From two punctual sources to the simple panda drawing, the MSE values show a notable
increase, highlighting a corresponding increase in reconstruction error for the more
complex images. Similarly, PSNR values exhibit a downward trend with increasing
image complexity, mirroring a decline in overall reconstruction fidelity. SSIM values,
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(a) Real reconstruction of 2
punctual sources

(b) Real reconstruction of the
letter B

(c) Real reconstruction of a sim-
ple panda drawing

Figure 3.21: Real image reconstruction

ADMM Simulation Results MSE PSNR SSIM LPIPS

2 Punctual Sources 1495.263 16.384 0.923 0.344
Letter B 2015.967 15.086 0.849 0.356
Simple Panda Drawing 3176.017 13.112 0.811 0.401

Table 3.5: ADMM Simulation Results

which serve as a gauge for structural similarity, tend to decrease, signaling a less
precise reconstruction for more intricate images. Simultaneously, LPIPS values reg-
ister a rise, implying a perceptual quality that diminishes as image complexity intensifies.

GD Simulation Results MSE PSNR SSIM LPIPS

2 Punctual Sources 1499.424 16.372 0.847 0.415
Letter B 2122.681 14.862 0.721 0.425
Simple Panda Drawing 3707.796 12.440 0.694 0.469

Table 3.6: GD Simulation Results

Following a similar pattern to the ADMM results, we observe an increase in SSIM and a
decrease in PSNR as image complexity increases. SSIM values, on the other hand, tend
to be consistently lower than those obtained by ADMM, suggesting that GD may not be
as adept at retaining structural detail. In addition, LPIPS values exceed those obtained
by ADMM, implying a perceptual quality that leaves something to be desired in GD
reconstructions.

In real-world assessments, MSE values show a significant increase compared to sim-
ulations, signaling increased reconstruction errors. Correspondingly, PSNR values
show a decrease, indicating reduced reconstruction quality. In particular, SSIM values
are noticeably reduced for the letter B and the simple panda drawing, indicating a
deterioration in structural fidelity. Additionally, LPIPS values increase significantly,
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GD Real Results MSE PSNR SSIM LPIPS

2 Punctual Sources 6003.247 10.347 0.664 0.867
Letter B 6687.397 9.878 0.127 0.932
Simple Panda Drawing 8017.002 9.091 0.108 0.914

Table 3.7: GD Real Results

indicating perceptually poor quality in real-world tests.

3.4 Conclusion

The DiffuserCam, developed by Laura Waller’s team, captures images using a diffuser
instead of a conventional lens. The imaging process involves capturing light scattered
by the diffuser to form a caustic pattern on the sensor, which is then reconstructed
using computational algorithms such as ADMM (Alternating Direction Method of
Multipliers) and Gradient Descent (GD). Key steps in this process include calibration,
forward modeling, and solving inverse problems using optimization techniques.

Calibration of the DiffuserCam is critical for obtaining accurate image reconstructions.
It involves determining the optimal distances between the sensor, diffuser, and light
source to achieve the clearest point spread function (PSF). Experiments showed that the
best PSF is achieved when the light source is farthest from the diffuser and the sensor is
closest to the diffuser. This setup ensures a sharp and narrow PSF, which is essential for
high-quality image reconstruction. An aperture is also used to crop the field of view,
maintaining a shift-invariant setup that is necessary for the linear superposition model
used in the reconstruction algorithms.

Image reconstruction with the DiffuserCam utilizes advanced optimization techniques
to solve the inverse problem of recovering the scene from sensor measurements. The
algorithms tested include gradient descent and ADMM, each with its own approach to
handling the linear convolution model and regularization terms like total variation and
sparsity. Simulation results demonstrated that both methods improve in accuracy with
an increasing number of iterations, effectively reconstructing various test images such as
point sources, letters, and simple drawings. These findings highlight the potential of the
DiffuserCam as a versatile and cost-effective solution for lensless imaging applications.

Conclusion on the reconstruction algorithms

ADMM appears to perform better than GD in simulated scenarios, particularly in
maintaining structural integrity and perceptual quality. However both methods struggle
more with complex images (the panda image 3.11c), with higher errors and lower
quality metrics. The significant performance drop in real results for GD suggests that
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real-world conditions introduce complexities that are not fully captured in simulations.
Improvement strategies could include better noise handling, more robust algorithms, or
hybrid approaches combining strengths of both ADMM and GD methods. Moreover,
the PSF capture might include some physical noise.



4

PolariCam

The name PolariCam refers to the combination of polarizing filters with the DiffuserCam
aiming to create a lensless camera able to characterize a linearly polarized light source
in a single-shot.

First, using the background on light polarization described in Section 2.2, the mathemat-
ical model adopted to characterize linear polarization is developed. It is then applied to
a conventional lens imaging system to verify the accuracy of the results.

Secondly, the physical design of the PolariCam is described in order to obtain a single
shot with all the source’s polarization information needed to characterize it.

4.1 Detection and Mathematical Model

The linear polarization of a source is represented using the Jones formalism [17]. Thanks
to this representation, the light’s behavior as it propagates through linear polarizer
can be expressed and used toward the purpose of our detection model. The Stokes
parameters are then used to obtain a comprehensive description of the polarization state
of the source.

4.1.1 Jones Matrix of a Polarizer

At its core, the Jones matrix represents a linear transformation that relates the state of
polarized light before and after it interacts with an optical element. In simpler terms, it
tells us how the polarization state of light changes as it passes through the element.

Mathematically, the Jones matrix is a 2x2 complex matrix. Each element of the matrix
represents the amplitude and phase change of the two orthogonal components of the
electric field vector (denoted as 𝐸𝑥 and 𝐸𝑦) of the light. These components are aligned
with the reference axes of the optical system, the 𝑥 and 𝑦 directions, as represented in
Figure 4.2.

32
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The Jones matrices for polarizers aligned along the 𝑥̂ and 𝑦̂ axes are given by the Jones
matrices 4.1 and 4.2

//𝑥̂ → 𝑇0 =

(
1 0
0 0

)
(4.1)

//𝑦̂ → 𝑇𝜋
2
=

(
0 0
0 1

)
(4.2)

x̂

ŷ

E⃗ = E⃗x

(a) Plane wave prop-
agation oriented with
the 𝑥̂ axis

x̂

ŷ

E⃗ = E⃗y

(b) Plane wave prop-
agation oriented with
the 𝑦̂ axis

Figure 4.1: Plane wave propagation through the plane (𝑥, 𝑦) aligned with each axis

A polarizer oriented at angle 𝜃 is aligned with the direction 𝑒𝜃 given by the Jones vector
4.3.

//𝑒𝜃 =

(
cos𝜃
sin𝜃

)
(4.3)

x̂

ŷ

E⃗

E⃗x

E⃗y

θ

Figure 4.2: Light represented as a plane wave in the (𝑥, 𝑦) plane

For a linear polarizer oriented at an angle 𝜃 from the horizontal 𝑥̂ axis, the rotation
matrix 𝑅𝛼 4.4 is used for computations.

𝑅𝛼 =

(
cos 𝛼 sin 𝛼

− sin 𝛼 cos 𝛼

)
(4.4)

The Jones matrix of a polarizer oriented at angle 𝜃 is given by expression 4.5.
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𝑇𝜃 = 𝑅−1
𝜃 · 𝑇0 · 𝑅𝜃 = 𝑒𝜃 · 𝑒𝑇𝜃 (4.5)

This computation yields the following matrix 4.6.

𝑇𝜃 =

(
cos2 𝜃 1

2 sin 2𝜃
1
2 sin 2𝜃 sin2 𝜃

)
(4.6)

For the specific angles 𝜋
4 and −𝜋

4 , the Jones matrices are respectively matrix 4.7 and
matrix 4.8.

𝜃 =
𝜋
4 → 𝑒 𝜋

4
=

( 1√
2

1√
2

)
→ 𝑇𝜋

4
=

(
1
2

1
2

1
2

1
2

)
(4.7)

𝜃 = −𝜋4 → 𝑒− 𝜋
4
=

( 1√
2
− 1√

2

)
→ 𝑇− 𝜋

4
=

(
1
2 − 1

2
−1

2
1
2

)
(4.8)

4.1.2 Description of Light Propagation Through Polarizers

When polarized light passes through an optical element described by a Jones matrix,
such as the analyzer depicted in Figure 4.3, the resulting polarization state can be
calculated by multiplying the Jones matrix representing that element with the Jones
vector representing the polarization state of the incident light. This multiplication
generates a new Jones vector representing the polarization state of the transmitted light.

Polarization
Direction

Polarizer

Analyser

Io

I ′
θ

θE, I

Polarization Plane
of Polarizer

Polarization Plane
of Analyser

Figure 4.3: Optical elements such as linear polarizers following each other

Given a plane wave described by the Jones vector

®𝐸 =

(
𝛼

𝛽

)
=

(
𝑟 · 𝑒 𝑖𝜌
𝑠 · 𝑒 𝑖𝜎

)
(4.9)

This light is linearly polarized if Δ = 𝜌 − 𝜎 ∈ {0,𝜋}.
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After passing through a polarizer 𝑇𝜃, the plane wave ®𝐸 is computed with relation 4.10
and leads to the matrix 4.11.

®𝐸𝜃 = ®𝐸𝑇 · 𝑇𝜃 =

(
𝛼 𝛽

)
·
(

cos2 𝜃 1
2 sin 2𝜃

1
2 sin 2𝜃 sin2 𝜃

)
(4.10)

=

(
cos𝜃 · (𝛼 cos𝜃 + 𝛽 sin𝜃)
sin𝜃 · (𝛼 cos𝜃 + 𝛽 sin𝜃)

)
(4.11)

If ®𝐸 passes through 𝑇0, 𝑇𝜋
2
, 𝑇𝜋

4
, and 𝑇− 𝜋

4
, the Jones vectors of the light can be written as in

expressions 4.12.

®𝐸0 =

(
𝛼

0

)
, ®𝐸 𝜋

2
=

(
0
𝛽

)
, ®𝐸 𝜋

4
=

(
𝛼+𝛽

2
𝛼+𝛽

2

)
, ®𝐸− 𝜋

4
=

(
𝛼−𝛽

2
− 𝛼−𝛽

2

)
(4.12)

Intensity of the Light

The intensity of the light is given by the square norm of the Jones vector, 𝐼 = ∥ ®𝐸∥2 =

𝐸2
𝑥 + 𝐸2

𝑦 , with 𝐸𝑥 and 𝐸𝑦 the components of ®𝐸 aligned respectively with the axis 𝑥̂ and
𝑦̂. Generally, for an arbitrary orientation of the incident light 𝜃, the expression 4.13 is
obtained.

𝐼𝜃 = ∥ ®𝐸𝜃∥2 (4.13)

= (cos𝜃)2 · | cos𝜃 · 𝛼 + sin𝜃 · 𝛽 |2 + (sin𝜃)2 · | cos𝜃 · 𝛼 + sin𝜃 · 𝛽 |2 (4.14)

= | cos𝜃 · 𝛼 + sin𝜃 · 𝛽 |2 = ∥(𝑒𝑇𝜃 · 𝑣) · 𝑒𝜃∥
2 (4.15)

Finally, by injecting the complex notation, the general intensity is obtained with
expression 4.16.

𝐼𝜃 = |𝑟 cos𝜃 + 𝑠 sin𝜃 · 𝑒−𝑖Δ |2 (4.16)

=
𝑟2 + 𝑠2

2 + cos 2𝜃
2 · (𝑟2 − 𝑠2) + 𝑟 · 𝑠 · sin 2𝜃 · cosΔ (4.17)

For the specific orientations denoted 𝑥 (𝜃 = 0), 𝑦 (𝜃 = 𝜋
2 ), 𝑎 (𝜃 = 𝜋

4 ), and 𝑏 (𝜃 = −𝜋
4 ), the

theoretical intensities of the incident light 𝑣 are gathered in equations 4.18 to 4.21.
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𝐼𝑥 =∥𝑣𝑥 ∥2 = 𝛼2 = 𝑟2 (4.18)

𝐼𝑦 =∥𝑣𝑦 ∥2 = 𝛽2 = 𝑠2 (4.19)

𝐼𝑎 =∥𝑣𝑎 ∥2 =
|𝛼 + 𝛽 |2

2 =
1
2 (𝑟

2 + 𝑠2 + 2𝑟𝑠 cosΔ) (4.20)

𝐼𝑏 =∥𝑣𝑏 ∥2 =
|𝛼 − 𝛽 |2

2 =
1
2 (𝑟

2 + 𝑠2 − 2𝑟𝑠 cosΔ) (4.21)

The relation 4.22 is pointed out.

𝐼𝑥 + 𝐼𝑦 = 𝐼𝑎 + 𝐼𝑏 = 𝑟2 + 𝑠2 (4.22)

Computation of Δ

To determine if the light is linearly polarized, the value of the phase shift Δ between the
Jones vector components of the incident lights needs to be either 0 or 𝜋. The combination
of the specific intensities computed previously in equations 4.18-4.21, provides an
approach to recovering the term cosΔ. Two methods were gathered in expressions 4.23
and 4.24.

𝑅𝑖 =
𝐼𝑎 − 𝐼𝑏
2
√
𝐼𝑥 𝐼𝑦

=
2𝑟𝑠 · cosΔ

2𝑟𝑠 = cosΔ (4.23)

𝑅 𝑗 =
𝐼𝑎 − 1

2 (𝐼𝑥 + 𝐼𝑦)√
𝐼𝑥 𝐼𝑦

=
𝑟𝑠 · cosΔ

𝑟𝑠
= cosΔ (4.24)

The phase shift Δ can be recovered, and the characteristic values for linearly polarized
light are identified in the following relationships 4.25.

𝑅 = 1 ⇐⇒ Δ = 0
𝑅 = −1 ⇐⇒ Δ = 𝜋

(4.25)

In conclusion, if |𝑅 | = 1, the light is linearly polarized.

4.1.3 Stokes parameters

The Stokes parameters are a set of four parameters used to describe the polarization
state of light by capturing both the amplitude and phase information of the electric field
vector ®𝐸 [21].

Mathematically, the four Stokes parameters, 𝑆0, 𝑆1, 𝑆2, and 𝑆3, are given by the following
expressions 4.26 to 4.29.
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𝑆0 = ⟨𝐸2
𝑥⟩ + ⟨𝐸2

𝑦⟩ (4.26)

𝑆1 = ⟨𝐸2
𝑥⟩ − ⟨𝐸2

𝑦⟩ (4.27)

𝑆2 = 2⟨𝐸𝑥𝐸𝑦 cosΔ⟩ (4.28)

𝑆3 = 2⟨𝐸𝑥𝐸𝑦 sinΔ⟩ (4.29)

Where ⟨·⟩ denotes the time-average over one period of the light wave, and Δ is the phase
difference between the horizontal and vertical components of ®𝐸. The fourth parameter
𝑆4 is used to analyze circularly polarized light and will therefore not be used in this
development or work.

From the intensities recovered at the specific orientations used (0rad, 𝜋
2 rad, 𝜋

4 rad, −𝜋
4 rad),

the Stokes parameters can be computed as follows in expressions 4.30, 4.31, and 4.32.

𝑆0 = 𝐼 = 𝐼𝑥 + 𝐼𝑦 (4.30)

𝑆1 = 𝑄 = 𝐼𝑥 − 𝐼𝑦 (4.31)

𝑆2 = 𝑈 = 𝐼𝑎 − 𝐼𝑏 (4.32)

• 𝐼 is the total intensity of the light transmitted through the polarizer oriented at
𝜃 = 0◦ and 𝜃 = 𝜋

2 rad= 90◦.

• 𝑄 represents the difference in intensity between light transmitted through polariz-
ers oriented at 𝜃 = 0◦ and 𝜃 = 𝜋

2 rad= 90◦. This difference quantifies the degree of
linear polarization along the 𝑥̂ axis.

• 𝑈 represents the difference in intensity between light transmitted through polariz-
ers oriented at 𝜃 = 𝜋

4 rad= 45◦ and 𝜃 = −𝜋
4 rad= −45◦. This difference quantifies

the degree of linear polarization along the//𝑒 𝜋
4

axis.

By measuring the intensity of light transmitted through each polarizer and performing
the Stokes parameters computation, a comprehensive description of the polarization
state of the light is provided. The Degree Of Linear polarization (DOLP) and the Angle
Of Linear polarization (AOLP) are given with the following formulas 4.33 and 4.34.

𝐷𝑂𝐿𝑃 =

√
𝑆2

1 + 𝑆
2
2

𝑆0
(4.33)

𝐴𝑂𝐿𝑃 =
1
2 arctan

(
𝑆2
𝑆1

)
(4.34)
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4.1.4 Lens observation and detection

To ensure that the linear polarization detection method performs correctly, a camera
sensor with a lens is used along with a point light source. A polarizer is precisely
oriented in front of the camera using a rotating device. The experimental setup is
illustrated in Figure 4.4.

(a) Tool used for precise polar-
izer orientation

(b) Observed source with lensed
camera sensor
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(c) Schematic of the data acquisition for polarization state
detection

Figure 4.4: Observation setup with a lensed camera sensor

The measured intensities of the light source linearly polarized with𝜃source ∈ {0, 90, 45,−45}◦
and the polarizing filter in front of the camera as 𝜃polarizer ∈ {0, 90, 45,−45}◦.
As the theoretical expected intensities of the light going through each polarizer are
known, as represented by matrix 4.35, the ratios between the measured intensities and
expected intensities for all the combinations of filters are computed and stored in the
matrix Γ, 4.36.

expected_intensities =


𝐼𝑥0 0 𝐼𝑥0√

2
𝐼𝑥0√

2
0 𝐼𝑦0

𝐼𝑦0√
2

𝐼𝑦0√
2

𝐼𝑎0
2

𝐼𝑎0
2 𝐼𝑎0 0

𝐼𝑏0
2

𝐼𝑏0
2 0 𝐼𝑏0


(4.35)

Γ𝑖 𝑗 =
measured_intensities𝑖 𝑗
expected_intensities𝑖 𝑗

(4.36)

With 𝑖 the index of the linear source orientation and 𝑗 the index corresponding to the
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Figure 4.5: Normalized captured intensities for polarized source and sub-sequence of polarizers in front
of sensor

filter in front of the camera.

This matrix Γ allows for identifying the impact of the polarizing filters on the intensity
of the incident light. By applying a mean to each column of the matrix, the coefficient
corresponding to the intensity attenuation of the light going through the polarizer in
front of the camera can be recovered.

Finally, the adjusted intensities are computed by applying the mean attenuation coeffi-
cient to each measurements such as in equation 4.37.

Adjusted_intensity𝑖 𝑗 = measured_intensity𝑖 𝑗 ×mean(Γ𝑗) (4.37)

Once the intensities are adjusted, the polarization state of the light source can be
computed by implementing the formulas of the 𝑅-coefficient (𝑅 = cosΔ, equation 4.25)
and the Stokes parameters (4.30, 4.31, 4.32).

Evaluation metrics and Results

In summary, the formulas used to characterize the linear polarization state of a light
source are the following:
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Figure 4.6: Normalized and corrected captured intensities for polarized source and sub-sequence of
polarizers in front of sensor after correct

𝐷𝑂𝐿𝑃 =

√
𝑆2

1+𝑆
2
2

𝑆0
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√
(𝐼𝑥−𝐼𝑦)2+(𝐼𝑎−𝐼𝑏)2

𝐼𝑥+𝐼𝑦

𝐴𝑂𝐿𝑃 = 1
2 arctan

(
𝑆2
𝑆1

)
= 1

2 arctan
(
(𝐼𝑎−𝐼𝑏)
(𝐼𝑥−𝐼𝑦)

)
𝑅 = |cosΔ| =

���� 𝐼𝑎−𝐼𝑏
2
√
𝐼𝑥 𝐼𝑦

����
(4.38)

To evaluate quantitatively the results obtained, the following metrics are computed [1]:

• Root Mean Squared Error (RMSE): the square root of the MSE. It provides a
measure of the average magnitude of the error. It is given by:

RMSE =

√√
1
𝑛

𝑛∑
𝑖=1
(𝑦𝑖 − 𝑦̂𝑖)2 (4.39)

• Mean Absolute Error (MAE): measures the average magnitude of the errors in a
set of predictions without considering their direction. It is given by:

MAE =
1
𝑛

𝑛∑
𝑖=1
|𝑦𝑖 − 𝑦̂𝑖 | (4.40)

The results obtained from lens detection are provided in Table 4.1
Ideally, both the Degree of Linear Polarization (DOLP) and the R-coefficient should be
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Source DOLP AOLP (degrees) R

0° 1.003 -3.25 0.164
90° 1.000 90.13 0.955
45° 0.588 41.63 0.585
135° 0.751 134.10 0.675
20° 0.741 18.45 0.552

Table 4.1: Polarization Data

1, indicating perfect linear polarization. However, deviations from these ideal values
are observed in various sources. For example, the DOLP values for 𝜃𝑠𝑜𝑢𝑟𝑐𝑒 = 0◦ and
𝜃𝑠𝑜𝑢𝑟𝑐𝑒 = 90◦ are slightly above 1, suggesting a possible overestimation in the polarization
measurements. Similarly, the R values for these sources are significantly different from
1, indicating inaccuracies in the intensities measurements. On the other hand, sources
such as 𝜃𝑠𝑜𝑢𝑟𝑐𝑒 = 45◦ and 𝜃𝑠𝑜𝑢𝑟𝑐𝑒 = 135◦ have DOLP and R values closer to 1, indicating
more accurate measurements, although small deviations are still present.

The analysis of the quantitative evaluation of polarization data, as defined in Tables 4.2,
4.3 provides insights into the characteristics of incident light and the performance of the
measurement system.

Metric RMSE MAE

DOLP 0.2447 0.1848
AOLP 2.2405 1.8381
R 0.4856 0.4138

Table 4.2: Error Metrics for DOLP, AOLP, and R

The Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE) for DOLP
indicate a moderate level of deviation from the ideal DOLP value of 1. This suggests
that while the camera’s measurements are reasonably accurate, there are noticeable
discrepancies that need to be addressed. For the AOLP, the substantial errors revealed
by the RMSE and MAE indicate significant inaccuracies in the angle measurements,
which could impact the overall accuracy of polarization measurements.

Examining the R-coefficient, which serves as another descriptor of the DOLP, the error
metrics reflect moderate deviations from the expected value of 1. While the R-coefficient
measurements are relatively accurate, the presence of significant errors indicates that
there may be systematic issues in how the R-coefficient is derived or measured. The
higher errors for the R-coefficient compared to DOLP suggest that it might be more
sensitive to measurement inaccuracies.
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Uncertainty Metric RMSE MAE

DOLP 0.0621 0.0721
AOLP 0.5406 0.5867
R 0.1155 0.1155

Table 4.3: Uncertainty Metrics for DOLP, AOLP, and R

The uncertainty metrics provide some indication about the precision of these measure-
ments. For the DOLP, the low RMSE and MAE values suggest that the measurements
are consistently close to the true value, despite the moderate overall error. However,
the uncertainties for the AOLP indicate significant variability and potential problems
with the precision of the angle measurements. For the R-coefficient, the uncertainty
metrics suggest that although the measurements are relatively accurate, the moderate
errors observed indicate the need for improved measurement techniques or calibration
procedures to improve the accuracy and consistency of the description of the DOLP by
the R-coefficient.

4.2 Setup with DiffuserCam

Using the DiffuserCam for the proposed implementation allows for working with a
single-shot image combining the four filters observations instead of having to take four
sequential images with the four different filters.

In order for the sensor to capture the four polarizers influence on the incident light, the
four filters are designed to fit the sensor size in a checkerboard-like as depicted in Figure
4.7.

(a) Schematic of the filters in the
checkerboard design

(b) Filters design for the Dif-
fuserCam

Figure 4.7: Checkerboard design of the filters for the DiffuserCam

The combination of the DiffuserCam and the filters results in light being diffused
through each of the four filters, which are arranged in a large square composed of
four smaller subsquares, each with a different orientation. The sensor detects varying
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intensities influenced by these distinct filter orientations. Consequently, the intensities
recovered in each corner of the captured image correspond to the specific orientation and
characteristics of each filter. The splited view of the denoted PolariCam (combination of
polarizers with the DiffuserCam) is represented in Figure 4.8.

Figure 4.8: PolariCam model - exploded view

Due to the design of the filter layer in front of the sensor, the recovered image is the result
of the superposition of the images produced by each filter in conjunction with the diffuser.

The mathematical formula to express the forward model is written in expression 4.41,
with 𝑏 the captured signal, 𝑣𝑖 the incident light signal porpagated through each filter
with the respective PSF ℎ𝑖 .

𝑏 =

4∑
𝑖=1

ℎ𝑖 ∗ 𝑣𝑖 =
4∑
𝑖=1

𝐴𝑖𝑣𝑖 (4.41)

Where each 𝐴𝑖 corresponds to the convolution operation with ℎ𝑖 , represented in matrix
form.

4.2.1 PSF calibration

The checkerboard design allows four different PSF to be obtained for the light passing
through each of the four filters. These distinct PSF can be recovered by dividing the
total captured PSF into four regions. Therefore, for the image reconstruction, the raw
captured data will go through the reconstruction algorithms using each distinct PSF on
the image. This will result in four distinct reconstructions showing the behavior of the
scene seen through each of the filters. The sum of these four different reconstructions
will give the final reconstruction of the original image using the concept of superposition,
as the assumption of a shift-invariant system is still valid.
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Figure 4.9: PolariCam - calibration

The PSFs captured were evaluated in the same way as it was evaluated for the Diffuser-
Cam, in Section 3.1. The result of the evaluation with the auto-correlation of the PSF
and its cross-section is illustrated in Figure 4.10.
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(a) 𝜃polarizer = 0°
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(b) 𝜃polarizer = 90°
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(c) 𝜃polarizer = 45°
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(d) 𝜃polarizer = 135°

Figure 4.10: Cropped zones of the polarization-dependant PSF - Autocorrelation evaluation

To address potential manipulation errors in the orientation of the filters inside the design,
the intensities of a linear polarized source were captured with the PolariCam. The light
source is polarized with orientations ranging from 𝜃𝑠𝑜𝑢𝑟𝑐𝑒 = −90◦ to 𝜃𝑠𝑜𝑢𝑟𝑐𝑒 = 90◦, with
steps of 2◦. The fitted curves of those measurements are depicted in Figure 4.11.
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Figure 4.11: Intensity curves of linearly polarized light transmission through the PolariCam

The orientations of the four filters in the PolariCam are 𝜃𝑝𝑜𝑙𝑎𝑟𝑖𝑧𝑒𝑟 = {−90◦;−47◦;−2◦; 43◦}.
These angles were evaluated by recovering the maximal intensity from the distribution.
The orientation error resulting from manual manipulations is two degrees, except for
𝜃𝑠𝑜𝑢𝑟𝑐𝑒 = 90◦ → −90◦, which is the same in terms of linear polarization.

4.3 Reconstruction algorithm

Since the signal 𝐴𝑣 is the sum of four PSFs convolved with their respective signals,
the equations for both Gradient Descent (GD) and Alternating Direction Method of
Multipliers (ADMM) used for the DiffuserCam will need to be adjusted accordingly.

4.3.1 Key modifications

• Multiple PSFs: Each signal 𝑣𝑖 is convolved with its respective PSF ℎ𝑖 , leading to
multiple 𝐴𝑖 matrices.

• Separate Gradients and Updates: Each signal 𝑣𝑖 has its own gradient and update
rules, considering the contributions from all four PSFs.

• Combined Objective Function: The optimization function takes into account the
sum of all convolved signals.

• Augmented Lagrangian with Multiple Terms: The Lagrangian formulation
includes terms for all signals and their respective constraints.
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For the GD algorithm:

𝑔(𝑣) = 1
2 ∥

4∑
𝑖=1

𝐴𝑖𝑣𝑖 − 𝑏∥22 (4.42)

∇𝑣𝑖 𝑔(𝑣) = 𝐴𝐻𝑖

(
4∑
𝑖=1

𝐴𝑖𝑣𝑖 − 𝑏
)

(4.43)

For the ADMM algorithm:

𝑣̂ = arg min
𝑣1 ,𝑣2 ,𝑣3 ,𝑣4≥0

1
2






𝑏 − 4∑
𝑖=1

𝐴𝑖𝑣𝑖






2

2

+ 𝜆
4∑
𝑖=1
∥𝑢𝑖 ∥1

This adaptation ensures that the reconstruction algorithm correctly accounts for the
combined effect of the four PSFs and their respective regions in the captured image.



5

Results and Discussion

The PolariCam is designed in order to retreive the polarization state of a light source
coming from a scene in a single shot. Using the Jones formalism and the Stokes
parameters, the mathematical model developed in Section 4.1 is tested on DiffuserCam
captured images in this chapter.

5.1 Experimental Setup

Precise alignment ensured that the four linear polarizers, arranged in a checkerboard
pattern in the DiffuserCam aperture, were correctly oriented. This configuration allowed
simultaneous image capture through each polarizer, enabling complete data acquisition
in a single shot.

Moreover, once the light has been identified as linearly polarized, its orientation can be
deduced using Stokes parameter analysis. This analytical approach provides valuable
information on the polarization characteristics of the captured light, enhancing our
understanding of the scene under study.

Images of a simple light source were captured at different polarizer angles: 0°, 45°, 90°,
and 135°. Each set of images was processed to compute the Stokes parameters (𝑆0, 𝑆1, 𝑆2).

5.2 Quantitative Analysis

The quantitative analysis involved measuring the accuracy and precision of the polar-
ization detection. Table 5.1 summarizes the accuracy of the reconstructed polarization
angles compared to known reference angles.

Source Polarization Parameters

The analysis of source polarization parameters, as presented in Table 5.1, reveals distinct
characteristics of polarized and non-polarized light sources. Notably, polarized sources

47
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Figure 5.1: Sample raw images captured at polarizer angles of 0°, 45°, 90°, and 135° and their respective
intensities

exhibit varying degrees of linear polarization (DOLP), ranging from approximately
1.000 to 0.718. Additionally, the angle of linear polarization (AOLP) varies significantly
among the sources, spanning from 0.688° to 135.532°. The 𝑅-coefficient, indicative
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Source R DOLP AOLP (degrees)

0 1.548 1.000 0.688
90 1.575 1.002 91.938
45 0.718 0.718 42.949
135 0.723 0.807 135.532
65 0.693 0.847 69.567
Nonpolarized 0.042 0.051 Ø

Table 5.1: Polarization of PolariCam measurements

of phase coherence and polarization characteristics, shows a wide range of values,
reflecting differences in the degree of polarization among the sources. Conversely, the
non-polarized source demonstrates minimal polarization characteristics, with signifi-
cantly lower DOLP and 𝑅 values, underlining its unpolarized nature.

Error Metrics

Parameter RMSE MAE

DOLP 0.171 0.119
AOLP 0.004 0.004
R 0.443 0.420

Table 5.2: Error Metrics of PolariCam measurements

Concerning the error measurements shown in Table 5.2, we observe evaluations of Root
Mean Square Error (RMSE) and Mean Absolute Error (MAE) for DOLP, AOLP and the
𝑅 coefficient. These measurements provide an insight into the accuracy and precision of
polarization measurements. In particular, the DOLP and AOLP measurements show
relatively low error values for all measurements, indicating an accurate estimation of the
linear polarization parameters. Conversely, the 𝑅 coefficient estimate shows higher er-
ror values, indicating greater uncertainty in the determination of polarization properties.

Uncertainty Metrics

Parameter RMSE MAE

DOLP 0.059 0.061
AOLP 0.001 0.001
R 0.068 0.069

Table 5.3: Uncertainty Metrics of PolariCam measurements
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The uncertainty metrics presented in Table 5.3 quantify the uncertainty associated with
the polarization measurements. The RMSE and MAE values for DOLP, AOLP, and
the 𝑅-coefficient provide insights into the reliability and stability of the measurement
process. While the uncertainty metrics for DOLP and AOLP indicate moderate levels of
uncertainty, higher error values are observed for the 𝑅-coefficient estimation, suggesting
increased uncertainty for this detection method. These findings support the importance
of considering error and uncertainty in polarization measurements and motivate further
research to improve measurement techniques and reduce uncertainty in polarization
analysis.

5.3 Reconstructed Images

Using the four different PSF recovered from calibration, the captured image of a light
source can be reconstructed through each polarizer with 𝜃𝑝𝑜𝑙𝑎𝑟𝑖𝑧𝑒𝑟 ∈ [0, 90, 45, 135]°,
their angle of polarization. The results are depicted in Figures 5.2, 5.3, 5.4, 5.5.

(a) 𝜃𝑝𝑜𝑙𝑎𝑟𝑖𝑧𝑒𝑟 = 0° (b) 𝜃𝑝𝑜𝑙𝑎𝑟𝑖𝑧𝑒𝑟 = 90° (c) 𝜃𝑝𝑜𝑙𝑎𝑟𝑖𝑧𝑒𝑟 = 45° (d) 𝜃𝑝𝑜𝑙𝑎𝑟𝑖𝑧𝑒𝑟 = 135°

Figure 5.2: Reconstructed light source oriented at 0°

(a) 𝜃𝑝𝑜𝑙𝑎𝑟𝑖𝑧𝑒𝑟 = 0° (b) 𝜃𝑝𝑜𝑙𝑎𝑟𝑖𝑧𝑒𝑟 = 90° (c) 𝜃𝑝𝑜𝑙𝑎𝑟𝑖𝑧𝑒𝑟 = 45° (d) 𝜃𝑝𝑜𝑙𝑎𝑟𝑖𝑧𝑒𝑟 = 135°

Figure 5.3: Reconstructed light source oriented at 90°

5.4 Discussion of Findings

The PolariCam system proved effective in detecting linear polarization with reasonable
accuracy. The simplicity of the setup and the flexibility in polarizer integration make it
a promising tool.
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(a) 𝜃𝑝𝑜𝑙𝑎𝑟𝑖𝑧𝑒𝑟 = 0° (b) 𝜃𝑝𝑜𝑙𝑎𝑟𝑖𝑧𝑒𝑟 = 90° (c) 𝜃𝑝𝑜𝑙𝑎𝑟𝑖𝑧𝑒𝑟 = 45° (d) 𝜃𝑝𝑜𝑙𝑎𝑟𝑖𝑧𝑒𝑟 = 135°

Figure 5.4: Reconstructed light source oriented at 45°

(a) 𝜃𝑝𝑜𝑙𝑎𝑟𝑖𝑧𝑒𝑟 = 0° (b) 𝜃𝑝𝑜𝑙𝑎𝑟𝑖𝑧𝑒𝑟 = 90° (c) 𝜃𝑝𝑜𝑙𝑎𝑟𝑖𝑧𝑒𝑟 = 45° (d) 𝜃𝑝𝑜𝑙𝑎𝑟𝑖𝑧𝑒𝑟 = 135°

Figure 5.5: Reconstructed light source oriented at 135°

5.5 Future Directions

Future research should explore the reconstruction of images using the Jones vector as
the incident signal. This could provide a more complete reconstruction algorithm to
better detect the light polarization of more complex sources. The Jones vectors, along
with the Stokes parameters to obtain the polarization state of multiple sources in a single
shot, can be used to enhance image reconstruction. Additionally, expanding the system
to detect circular polarization could provide a more comprehensive analysis of light
properties.



6

Conclusion

The integration of linear polarizers into the DiffuserCam system represents a significant
advance in polarization detection and imaging technology. Through this research, we
have successfully demonstrated the ability to capture and analyze linear light polariza-
tion in a single shot, providing a more compact, cost-effective and versatile solution
compared to existing methods. The experimental results confirm the effectiveness of the
integrated system. The modified DiffuserCam has been shown to detect and reconstruct
the polarization state of light from a punctual light source, providing detailed insights
into the orientation and degree of polarization.

However, this research also opens up new directions for further study. An intriguing
development for future work is the reconstruction of more complex scenes using the
Stokes parameters to recover comprehensive polarization information. This would
require the development of more sophisticated computational algorithms to handle
the increased complexity of real-world scenarios where light interacts with multiple
surfaces and media. By addressing these challenges, we can further enhance the ability
of the DiffuserCam system to capture detailed and nuanced polarization data, even in
complex environments.

In addition, future research could explore the integration of circular polarizers and the
analysis of circular polarization components, further extending the versatility of the
system.

Investigating the potential of real-time polarization imaging and applying machine
learning algorithms to improve the interpretation of polarization data are also promising
areas of development.

By advancing our ability to detect and analyze light polarization with a compact and
adaptable system, we are contributing to the development of more efficient and versatile
imaging solutions.

52
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