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Abstract

One of the greatest challenges in computational imaging is scaling it to work outside
the lab. The main reasons for that challenge are the strong dependency on precise
calibration, accurate physical models, and long acquisition times. These prevent
practical progress towards medical imaging and seeing through occlusions such as fog
in the wild. This dissertation demonstrates that with data-driven and probabilistic
modeling we can alleviate these dependencies, and pave the way towards real-world
time-resolved computational imaging through extreme scattering conditions using
visible light.

The ability to image through scattering media in the visible part of the electro-
magnetic spectrum holds many applications in various industries. For example, seeing
through fog would enable autonomous robots to operate in challenging weather con-
ditions; augment human driving; and allow airplanes, helicopters, and drones to take
o[and land in dense fog conditions. In medical imaging, the ability to see into the
body with near-infrared light would reduce the exposure to ionizing radiation and
provide more clinically meaningful data.

In order to image in diverse and extreme scattering conditions, we develop novel
algorithms inspired by techniques in signal processing, optimization, statistical anal-
ysis, compressive sensing, and machine learning that leverage time-resolved sensing.
More specifically, we demonstrate techniques that computationally leverage all of the
optical signal, including scattered light, as opposed to locking onto a specific part
of the optical signal. Furthermore, we show that by introducing probabilistic formu-
lation to the imaging problem, the resulting system does not require user input for
calibration and priors; this makes our systems more practical for real-world scenarios
and enables them to operate in a wide range of scattering conditions.
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We consider four cases of imaging through scattering media with increasing com-
plexity:

1. A theoretical analysis of time-resolved single pixel imaging, which demonstrates
scene reconstruction even when the entire scene is measured with a single pixel,
an equivalent of simple scattering or a blur that is easy to model.

2. A data-driven calibration invariant technique for imaging through simple scat-
tering (a sheet of paper).

3. Imaging through a thick tissue phantom by utilizing all of the optical signal
with minimal assumptions on the tissue properties.

4. Imaging through a wide range of dense, dynamic, and heterogeneous fog condi-
tions. In that case, we introduce a probabilistic model that is able to recover
the occluded target reflectance and depth without any assumption about the
fog.
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scene without using time-resolved data; the result is very blurry. c)
Recovered scene using only ballistic photons; the signal is embedded
in the noise level. d) Recovered scene using API; the result clearly
recovers the hidden scene. e-h) Mask and results for a wedge-shaped
scene. Blue arrows mark the points used to evaluate the best recover-
able resolution and the corresponding resolution. All reconstructions
are quantitatively evaluated with both PSNR and SSIM (ranges in

[0; 1], higher is better). Scale bar equalSmm. . ... ... ... .. 126

API optical setup. a) Photo of the API experimental setup. b) Photo

of the tissue phantom with the occluded mask at the back. . . . . .. 127

API recoverable resolution as a function of time resolution and medium
thickness. a) Monte Carlo simulation results for varying sensor time
resolution and di user thickness; colors represent the best recoverable
resolution in mm. b) Vertical cross sections (for di erent time reso-

lutions). c) Horizontal cross sections (for di erent di user thickness).

API sensitivity to measurement noise. Monte Carlo simulation results
in di erent levels of measurement noise and its e ect on recoverable
resolution. API performs very robustly for PSNR above39dB. The

experimental measurement PSNR is noted in red cros8X7dB). . . 130
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5-8

5-9

API successfully recovers complex targets with noisy measurements.
a) The target mask. b) Time Averaged result. c) Ballistic photon
measurement. d) API recovery. The three rows correspond to three
di erent targets. The measurements PSNR in targets 1-3 are 42.5,
44.5, and43.9 dB respectively. All reconstructions are evaluated with

PSNRand SSIM. . . . . . . . . . 131

Layered materials and their equivalent uniform have the same PSF.
The two rows show examples of di erent materials. a) Depth cross sec-
tion for the scattering coe cient, and the equivalent uniform (dashed
line). b) Monte Carlo simulation PSF of the layered material. c) Es-
timated scattering kernel by API for the layered material. d) Monte
Carlo simulation PSF of the equivalent uniform material. e) Esti-
mated scattering kernel by API for the equivalent uniform material.
Panels b-e show ax t cross section fory = 0. Columns b and e
are roughly identical (up to sampling noise), demonstrating that the
layered material and its equivalent uniform share the same PSF, and

that API captures the PSF of these four di erent materials. . . . . . 133

5-10 APl is invariant to variations along the optical axis. a) Ground truth.

6-1

b-e) Reconstruction results for the four materials de ned in Fig. 5-9. 134

Fog background model. a) Experimental time-resolved measured his-
tograms along with tted Gamma distributions. The panels correspond
to di erent optical thicknesses (OT) of fog. The plots show that a
Gamma distribution captures well the dynamics of time-resolved scat-
tering in fog, especially at high densities. b) Fitted Gamma distribu-
tions for a wide range of fog densities. The plots show that di erent

fog densities (optical thicknesses) result in di erent time proles.. . . 143
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6-2

6-4

Rejecting back re ectance and signal recovery. Demonstrated on four
di erent levels of fog: optical thicknesses of OFE 1:39; 1.6;1.89;2:3
for panels a-d respectively. In each panel, the left plot shows the re-
covered KDE, Gamma distribution, estimated signal, and estimated
target distributions. The right plot shows the histogram generated by
the raw photon counts and the tted model (Eq. 6.9) including the
SNR between the two. The target in panels a+b is at a depth that
corresponds ta3:02 ns and the target in panels c+d is at2:58 ns Note
that in all cases there are substantially more background than signal

photons. . . . . . . . 146

The probabilistic algorithm successfully models physical measurements
in a wide range of fog conditions, and target distances. Di erent rows
correspond to di erent optical thicknesses. Dierent columns corre-
spond to targets at di erent distances, and a background case. The
acquisition time is xed and identical for all examples. Due to the
signi cant di erence in the number of detected photons in these con-
ditions, all plots are normalized to 1, and the total number of photon
counts is reported in the title of each plot. The model fails to estimate

the target for higher levels of fog and when the target is farther away. 148

Fog background model predicts optical thickness. The estimated back-
ground model parameters are used to predict the optical thickness. a)
Ground truth and the prediction as a function of time while fog is

added to the chamber. b) The optical thickness prediction vs. ground

truth, along with a straight line for reference. . . ... ... ... .. 151
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6-5

6-6

6-7

6-8

Experimental setup. a) The fog chamber with a mannequin inside.
This photograph was taken with minimal fog density and shows the
SPAD, pulsed laser, traditional camera, and ashlight. Illlumination
and measurement are performed through a glass window in the cham-
ber. A power meter is placed inside the fog chamber to quantify the
optical thickness. The fog generator is composed of an ultrasonic trans-
ducer in water and a fan placed on the far side of the chamber (not
visible). b) Example of the fog generator inside a small open aquarium.

In this case the fan is o, which results in low concentration. . . . . . 152

Recovery of a multi-depth target at realistic, dense, dynamic, and het-
erogeneous fog, with the 'E' shapes. Dierent columns demonstrate
cases of di erent levels of fog. Rows show di erent reconstructions in-
cluding: a) Image taken with a regular camera (the longer wavelength
used for this measurement undergoes less scattering, which results in
less challenging imaging conditions). b) Result with SPAD camera
in photon counting mode. c) Result of time gating using the SPAD
camera, where the time gate was selected manually to the rst time
bin with meaningful information. d) Re ectance reconstruction with
our technique. e) Depth reconstruction with our technique. SSIM
and PSNR metrics provide quantitative comparisons. The left column

shows a measurement without fog (ground truth). . . . . ... .. .. 154

Recovery of complicated structures occluded by dense fog. Top a
Mannequin35 cmaway from the camera. Bottom a Mannequin70cm

away from the camera. See Fig. 6-6 for panels description. . . . . .. 155

The suggested approach produces superior results over the entire range
of fog levels. Showing image recovery accuracy vs. optical thickness.

The accuracy is evaluated with a) SSIM, and b) PSNR on the "E' shapes.156
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6-9 Depth recovery accuracy as a function of optical thickness. Demon-
strated on four targets (columns). Top row shows the segmented mask
used for each target. Bottom row shows the recovered depth for each
target as a function of optical thickness. The dashed black line indi-
cates the ground truth based on the rst few frames without fog. The

red cross indicates OT= 2:2 which is the optical thickness in which

we lose the farthertargets. . . . .. .. ... ... ... ....... 157

6-10 Depth recovery accuracy for a slanted plane. a) The estimated depth
pro le as a function of spatial pixel for di erent optical thicknesses.
The ground truth depth pro le is the thick blue line. b) Error and
standard deviation bars for the deviation of the estimated depth pro le

from a line, as a function of optical thickness. . . .. ... ... ... 158

6-11 Re ectance recovery accuracy. a) Photon count measurement of the
re ectance target without fog. b) Recovery of the re ectance values
for the six di erent values with our technique, as a function of opti-
cal thickness. Ground truth marked by black horizontal dashed lines.
c-d) similar to b, for time gating and photon counting respectively,

demonstrating mixing of colors at lower levels of fog. . . ... .. .. 160

6-12 Photon counts drop as fog is added. Photon counts per pixel on tar-
gets at four di erent depths, as well as a pixel without a target (back-
ground). a) Photon counts vs. optical thickness. b) Same as a) where

the curves are normalized by the photon counts at O¥0.. ... .. 161

6-13 The e ect of exposure window on recovery quality. SSIM metric for
the recovery of the "E' shapes as a function of optical thickness, each
curve is the result of a di erent number of frames. a-c) Our technique,
time gating, and photon counting respectively. Ours performs equally

well with fewer photons atlowfog. . . ... .. ... ... ...... 162
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6-14 Qualitative results of recovery with varying exposure window. Columns

show di erent optical thicknesses, rows are di erent allowed number

of frames. This demonstrates the adaptive property of our approach.

Time gating marginally gains from having more frames (even at lower

levels of fog). Photon counting does not gain from having more frames

regardless of the foglevel. . . . .. ... ... ... .. ... ..... 162
6-15 Recovery with the additional expectation maximization step. Di erent

columns show di erent levels of fog. The rows compare the recovery

with and without the additional EM step for re ectance and depth.

We note that up to OT = 1:4, including the EM step improves the

results, and after that the results degrade. . . . . . .. ... .. ... 164
6-16 Reading in dense fog recovery of the "125' target. The white text at

the top left corner of each panel shows the OCR result on that image.

“?" indicates no text found. See Fig. 6-6 for panels description. . . . 166
6-17 Reading in dense fog Recovery of the "Re0' target. The white text at

the top left corner of each panel shows the OCR result on that image.

“?" indicates no text found. See Fig. 6-6 for panels description. . . . 167
6-18 Reading in dense fog Accuracy as a function of optical thickness. Our

approach allows the o -the-shelf OCR to correctly classify text over a

wide range of fog conditions. Four di erent targets are demonstrated,
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Chapter 1

Introduction

In this dissertation we develop probabilistic and data-driven algorithms
that leverage statistics of scattered photons. These algorithms tackle, by
design, the dependency of computational imaging on highly calibrated and

accurate physical models as well as long acquisition times.

The main crutches of computational imaging are the dependency on an accurate
and calibrated physical model, and long acquisition times. This is a result of the
sensitivity of inverse problems to model mismatch and poor signal to noise ratio
(SNR). This prevents computational imaging through scattering with visible light
from scaling to real-world applications.

Imaging through scattering media with visible light is a great challenge with many
potential applications. Fundamentally, the scattering invalidates basic imaging con-
ditions, and as a result, our eyes and cameras cannot focus light from objects that
are occluded by the scattering media. Some examples of materials that are mostly
scattering visible light include fog and tissue (Fig. 1-1). While simply seeing through
such highly scattering materials with our bare eyes is impossible, we show that it is
possible using computational imaging.

Here, we demonstrate, in four di erent regimes of scattering, that probabilistic
and data-driven algorithms along with time-resolved sensing can alleviate these chal-

lenges. Table 1.1 provides a brief overview of the di erent scattering conditions con-
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Table 1.1: Scattering conditions considered in this dissertation. Color indicates the
complexity of the considered scenario. The re ection geometries considered in the top
two rows are easier compared to the bottom row, since there is no back re ectance
due to the scattering.

sidered here, along with the main challenges and the contributions in these regimes.

Speci cally, we consider (in increasing complexity) the following conditions:

1. Imaging with a single pixel and without a lens. We provide theoretical analysis
for the case of a single pixel that accumulates contributions from all scene
points, an equivalent to simple scattering. The presented framework enables

acquisition times that are as50 faster compared to prior techniques.

2. Imaging through paper. We demonstrate a data-driven solution for imaging
through simple scattering (a single scatter event). The technique provides the
ability to recover the pose of an object hidden behind the scattering layer with-

out needing precise calibration or an accurate model and works in real-time.

3. Imaging through tissue phantom. Here we introduce the concept of using the
entire optical signal (All Photons Imaging) to see through scattering. The
presented technique resolves a target througtb mmtissue phantom at5:9 mm

resolution with minimal assumptions about the scattering material.

4. Imaging through fog. We tackle the challenge of back re ectance from scattering

media in optical re ection mode. In this case, we need to separate between the
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Figure 1-1: Examples of scattering media in visible light: a) fog, b) tissue, and
c) optical di user.

photons that back-re ect from the fog, and those that hit the target. The
solution is based on a probabilistic imaging framework and is demonstrated in
realistic fog scenarios (dense, dynamic, and heterogeneous) with visibility as

low as30cm

1.1 Why Imaging Through Scattering With Visible
Light?
The ability to see through scattering media holds many applications:

Seeing through fog enables driver augmentation and robust autonomous naviga-
tion in degraded weather conditions. It also improves the safety and robustness
of ying platforms (airplanes, helicopters, and drones) in reduced visibility at

low-level ight.

Imaging through tissue with visible light allows for non-invasive sensing inside
the body with non-ionizing radiation, and potentially better functional imaging

when compared to other modalities such as ultrasound and MRI.

Underwater imaging is commonly challenging due to water turbulence as well as
the presence of various particles in the water such as sand and plankton. The
ability to image underwater would improve the safety and monitoring of un-
derwater installations such as o shore wind farms, gas, oil, and communication

infrastructure.

33



Many human computer interaction systems require a camera that observes the
human, which brings up many privacy issues. It is bene cial to capture the
essential information for the interaction while corrupting the input to preserve
user privacy. This is possible with scattering media such as a sheet of paper or

an optical di user to obstruct the camera's eld of view.

Non-line of sight (NLOS) imaging is the general ability to capture information

that is not directly observable by the camera. Examples of this include lensless
imaging and seeing around corners. Lensless imaging has many important ap-
plications in general purpose sensing when the use of a high-quality lens with a

large aperture is not possible.

These capabilities extend the concept of a camera to a general purpose sensor coupled
with an algorithm to reconstruct the desired information.

Traditionally, overcoming optical scattering is achieved by moving away from the
visible part of the spectrum. Examples include radio frequency (RF) for imaging
through fog, and x-ray and ultrasound for seeing into the body. However, the use of

visible light for imaging holds many advantages:

Optical contrast the ability to distinguish among di erent materials. With
visible light, a small change in wavelength results in a signi cant change in
the interaction with di erent atoms and molecules. Thus, imaging in visible
light enables many applications in medical imaging; for example, distinguishing
between di erent types of tissue that is very hard or impossible to achieve with
other imaging modalities. Another application is the ability to read road signs
in fog since the color on road signs has signi cant di erent spectral signatures

in the visible spectrum.

Resolution the optical wavelengths 400 nm 700 nm) are much smaller when
compared to RF Lcm 1m), mm-wave I mm 1cm), and THz (100um
1 mm). As a result it is easier to capture higher resolution images with smaller

apertures.
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Non-ionizing radiation this advantage is primarily important for medical ap-
plications. While there is always a tendency to avoid unneeded x-ray exposure,
some patients like pregnant women and children cannot be exposed to x-ray.

Medical imaging with visible light does not su er from these limitations.

Availability of uorophores these are commonly used in functional medical
imaging to improve the contrast with di erent target tissues. Such uorophores
are more commonly available and are easier to design in the visible spectrum,
as opposed to x-ray. Thus functional medical imaging is potentially more infor-

mative in the visible spectrum.

1.2 Why Computational Imaging Through Scatter-
ing Is Sensitive to Accurate Modeling and Cali-
bration?

Traditionally, computational imaging through scattering media requires solving an
inverse problem. In most cases, it is relatively easy to formalize a forward model
which is a mapping from scene to measurement. However, the required task is a
mapping from measurement to scene, hence the name inverse problem .

The challenge in solving the inverse problem is the assumption that the forward

model is accurate. An inaccurate forward model can be a result of:

Model Mismatch: In that case the forward model does not properly account
for the physics of the problem; therefore it is impossible to explain the raw
measurement by the forward model, for example assuming a speci c physi-
cal model for the scattering, that does not capture the full complexity of the

scattering process.

Calibration:  The forward model usually includes many physical constants
that describe the imaging system and physics of the problem (for example,

the camera eld-of-view or scattering media thickness). Calibrating a forward
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model usually requires extensive e ort to accurately measure all parameters and

properties.

It is important to note that model mismatch and insu cient calibration can hap-
pen simultaneously and to dierent extents. Calibrating an imaging system also
assumes we have full control of the specic parameters that are measured. This

assumption may be extremely prohibitive in real-world scenarios.

1.3 Imaging through Scattering Techniques and

Regimes Presented Here

We present techniques that aim to tackle fundamental issues with prior methods to
image through scattering. Fundamentally, our goal is to computationally maximize
the information extracted from the optical signal. This allows our techniques to
operate in a wide range of challenging scattering conditions without calibration. To
that end, we develop dierent algorithms that are inspired by modern statistical

analysis, optimization, signal processing, compressive sensing, and machine learning.

A common thread among the techniques presented here is ultrafast time-resolved
sensing. By ultrafast we consider a sensor with picosecond time resolution. Since
light propagates0:299 mmin 1 ps at picosecond time resolution the speed of light is
non-negligible. Throughout this dissertation, we show that time-resolved sensing is

essential for imaging through scattering.

The scattering regimes considered here can be broadly classi ed as sparse and
volumetric scattering. In sparse scattering, the number of scattering events photons
undergo is relatively small. This includes the general problem of lensless imaging and
imaging through a sheet of paper. In volumetric scattering, the number of scattering

events photons undergo is very large. This includes tissue phantoms and fog.
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Figure 1-2: FemtoPixel Lensless single pixel imaging with compressive ultrafast
sensing. Two examples with the same acquisition time comparing traditional tech-
niques to FemtoPixel. To achieve similar reconstruction quality to FemtoPixel, the
traditional approach (not time-resolved) requires &0 longer acquisition time.

Lensless Imaging with a FemtoPixel !

Chapter 3 presents a compressive sensing framework for time-resolved imaging with-
out a lens, an equivalent to a single scattering event. The presented framework pro-
vides design tools for imaging systems. These include analysis tools for the trade-o
between system complexity, imaging quality, and acquisition time. Most importantly,
by leveraging the physics of time-resolved sensing, we develop an optimization frame-
work for the ideal sensors' position and imaging patterns with compressive sensing.
The suggested approach demonstrat&) faster acquisition time when compared to

traditional (not time-resolved) single-pixel cameras (see Fig. 1-2).

Data-Driven Calibration Invariant Imaging Through Paper 2

One of the biggest challenges in computational imaging is the need to solve an inverse
problem due to the sensitivity to accurate physical modeling and calibration. Chap-
ter 4 presents an alternative to solving an inverse problem by using a data-driven
approach. In this case, a data-driven algorithm is used to solve a computational

imaging problem without calibration. The neural network directly learns a mapping

LAbridged versions of this work appeared as [149] Lensless Imaging with Compressive Ultrafast
Sensing, G Satat, M Tancik, and R Raskar,|EEE Transactions on Computational Imaging, 2017.
And, [147] Compressive Ultrafast Single Pixel Camera, G Satat, G Musarra, A Lyons, B Heshmat,
R Raskar, and D Faccio,OSA Computational Optical Sensing and Imaging 2018.

2An abridged version of this work appeared as [148] Object Classi cation through Scattering
Media with Deep Learning on Time-Resolved Measurement, G Satat, M Tancik, O Gupta, B Hesh-
mat, and R Raskar, Optics express 2017.
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Figure 1-3: Calibration invariant imaging through scattering. A CNN learns to es-
timate the pose of a mannequin that is occluded by a sheet of paper. Our training
technique results in a CNN that is invariant to variations in the system calibration.
The network was trained before the experiments took place, and the optical system
was built without calibration.

from the measurement to the hidden scene. Thus, there is no need to model the
physics of the problem and then inverting the mathematical model. Furthermore, the
presented technique is based on a neural network training strategy, which results in
a model that is invariant to variations in calibration parameters. We demonstrate
this approach on the problem of classifying the pose of a mannequin hidden behind
a sheet of paper. In lab experiments, the measurement from a time-resolved single
photon avalanche diode (SPAD) camera is fed into a trained convolutional neural net-
work (CNN) which correctly classi es the mannequin poses without any calibration
(Fig. 1-3).

Imaging Through Thick Tissue Phantom 3

Chapter 5 introduces All Photons Imaging (API) a computational technique

for imaging through a thick tissue phantom (Fig. 1-4). We introduce a probabilistic
interpretation for the imaging system point spread function (PSF). This simpli es the
PSF estimation from the measurement itself, and avoids the need to solve an ill-posed
blind deconvolution problem. The technique utilizes time-resolved measurements for

imaging through volumetric scattering. By using all of the optical signal, including

3Abridged versions of this work appeared as [145] All Photons Imaging Through Volumetric
Scattering, G Satat, B Heshmat, D Raviv, and R Raskar, Nature Scienti ¢ Reports, 2016.
And, [144] All Photons Imaging through Layered Scattering Materials, G Satat, B Heshmat, and
R Raskar, OSA Computational Optical Sensing and Imaging2017.

38



Figure 1-4: All photons imaging throughl5 mm thick tissue. API leverages time-
resolved measurement to invert the scattering and recover the hidden target.

early arrived (non-scattered) and di used photons, it achieves better spatial resolution
at greater depths. Compared to conventional early photon measurements for imaging
through a 15 mm tissue phantom, our method shows @ improvement in spatial
resolution (4dB increase in PSNR). Unlike other methods, which aim to lock at a
speci ¢ part of the optical signal (coherent, ballistic, acoustically modulated, etc.),
our framework aims to use all of the optical signal. This results in an all optical,
calibration-free imaging system that enables wide eld imaging through volumetric

scattering at poor SNR and does not require to raster-scan the scene.

Imaging Through Realistic Fog 4

The technique presented in Chapter 5 was limited to optical transmission mode and
to materials that are homogeneous in th& vy plane (perpendicular to the optical
axis). Thus it is primarily applicable to medical imaging applications. Chapter 6
introduces a technique that alleviates these constraints and allows imaging through
dense, dynamic and heterogeneous fog in optical re ection mode (Fig. 1-5). The
technique is demonstrated in a wide range of realistic fog conditions at up 89 cm
visibility. The main challenge that arises in optical re ection mode is the need to
separate between the photons that back-re ect from the fog (background) and the
photons that hit the target and are then detected by the camera. This is unlike

optical transmission mode, in which all of the measured photons interact with the

4An abridged version of this work appeared as [151] Towards Photography Through Realistic
Fog, G Satat, M Tancik, and R Raskar, IEEE International Conference on Computational Photog-
raphy (ICCP), 2018.
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Figure 1-5: Imaging through realistic fog. With a time-resolved single photon detector
we separate background photons that back-re ect due to the fog from the signal of
the occluded target. We recover the target re ectance and depth in a wide range of
realistic, dense, heterogeneous, and dynamic fog conditions.

target. The solution is based on a probabilistic framework that separates, in real time,
between background and signal photons, without any assumption about the fog. The
extracted signal photons are used to reconstruct the occluded scene re ectance and

depth map.

1.4 Main Contributions

This thesis's contributions to the computational imaging literature include:

Probabilistic modeling of scattering:

A probabilistic interpretation of the scattering PSF which extends to both
modeling and estimation. This interpretation demonstrates, for the rst

time, probabilistic imaging through thick tissue phantom.

A probabilistic model and algorithm for imaging through extremely dense,
dynamic, and heterogeneous fog conditions, and recovering both target

re ectance and depth.
Data-driven computational imaging:

The rst data-driven calibration-invariant computational imaging tech-

nigue. Demonstrated in imaging through sparse scattering.
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A method for training deep learning algorithms with synthetic data for

NLOS imaging. Experimentally demonstrated on real data.

Time-resolved and single photon sensing for imaging through scat-

tering:

The rst framework for lensless imaging with compressive ultrafast sensing.
Includes an optimization procedure for computing the optimal sensors'

positions and compressive masks.

Our contributions extend beyond the above algorithms and theoretical frameworks
to the design, implementation, andpractical evaluation of imaging through various
scattering media including sheet of paper, thick tissue phantoms, and fog, with streak

and SPAD cameras.
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Chapter 2

Background and Related Works

Imaging through scattering media and occlusions is a long lasting problem. Tradition-
ally it is accomplished in non-visible light modalities such as RF, x-ray, ultrasound,
etc. As mentioned in Chapter 1, the advantages of visible light have energized an
e ort towards imaging through scattering media with visible light. In this chapter,
we introduce the basic physics of scattering, including widely accepted models and

notations, and introduce di erent modalities for imaging through scattering media.

2.1 Light-Matter Interaction

All the advantages of imaging with visible light described in the Introduction are due
to the interaction between light and matter. This interaction can be classied as a

combination of;

Absorption: the photons are absorbed in the material and the energy is con-

verted to heat or photons of lower energy ( uorescence).

Scattering: the photons change their propagation direction as a result of the

interaction, but maintain their energy (wavelength).

The case of imaging through highly absorbing materials (for example imaging through
a wooden wall with visible light) is somewhat hopeless. This is because the sensor

would not capture many, or any, photons. Imaging through scattering media, on the
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