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abstract

Motion estimation is important not only for human vision systems, but also for
machine vision. Various computer vision applications require motion estimation
as an integral component. Burst imaging is such an example, where the accurate
estimation of inter-frame image-space motion is the foundation of resolving the
blur-noise trade-o , which is a fundamental trade-o for any imaging systems.
While conventional burst imaging has achieved considerable success in resolving
this trade-o , extreme conditions including high speed and low light scenarios still
remain challenging.

This dissertation proposes using single-photon cameras to estimate motion and
resolve such trade-o . Single-photon cameras are a novel class of imaging sensors
that are sensitive to the arrival of individual photons. Their negligible read noise
and high temporal resolution make them the ideal sensor for burst imaging in
challenging scenarios. It is my thesis that single-photon cameras can measure motion
robustly in low-light, high-speed scenarios, which can be used to resolve the blur-noise
trade-o and reconstruct high-quality images not only for human viewing, but also for
subsequent computer vision tasks

To prove the thesis, three techniques are proposed. First, | introduce a burst
imaging framework called quanta burst photographyvhich computes and compen-
sates for the motion between binary images captured by single-photon cameras,
and merge them into a single, high-quality intensity image. Theoretical analysis
and experimental results show that quanta burst photography is able to generate
low-noise, low-blur, high-dynamic-range, super-resolved images even in dynamic
scenes under challenging lighting. Second, | extend the quanta burst photography
to color imaging. | discuss a color Iter array design with pseudorandom RGBW
color lIters, which is optimized for quanta burst photography. | adapt the burst
imaging pipeline to work with mosaicked quanta images, which is universal to a
family of color Iter arrays with R, G, B, W lters. | propose a perceptually-inspired
visualization algorithm that makes chromatic noise in images captured in low
light less evident, while retaining the color tone of the original scene. Theoretical



Xi

analysis and simulation results demonstrates the ability of the pipeline to create
high-quality color images. Third, | explore the possibility of using single-photon
cameras for subsequent computer vision tasks. Since a raw single-photon image
does not contain su cient information for inference, | propose quanta burst vision
as the canonical processing paradigm for single-photon cameras, which can be
subdivided to explicit burst vision and implicit burst vision. With the explicit burst
vision paradigm, it is possible to use quanta burst photography as a plug-and-play
module for a variety of downstream computer vision tasks, without the need of
redesigning downstream algorithms. To evaluate its performance, | capture an
extensive dataset which covers a wide range of scenes and lighting conditions.
Qualitative and quantitative results show that single-photon cameras have the
potential to accomplish computer vision tasks even in fast-moving dark or HDR
environments. The dissertation is concluded with limitations and future outlook
on single-photon cameras and burst processing schemes.



1 introduction

1.1 Why is Motion Estimation Important?

Motion perception is a vital component of any vision system. Our vision is very
sensitive to motion such that we can tell something is moving in the periphery of
our vision eld, even if the shape is invisible (Ware, 2008). Such capabilities help
animals detect incoming dangers such as predators. Biological study suggests that
honeybees use optical ow for estimating distances during landing (Srinivasan,
2000). In addition to passively react to visible moving objects, animals and human
also actively perceive motion for various tasks. People tend to unconsciously move
their heads (“head jitter”) to get motion parallax cues and enhance perception of
motion in depth (Rogers and Graham, 1979; Fulvio and Rokers, 2017). As Gibson
(1979) argued, “We must perceive in order to move, but we must also move in order
to perceive”.

Similar to human vision, estimating motion is also important for computer
vision. Recovery of di erent kinds of motion information has long been studied in
computer vision, including image space motion (optical ow) (Horn and Schunck,
1981), world space motion (scene ow) (Vedula et al., 1999a), camera ego-motion
(visual odometry) (Bruss and Horn, 1983), etc Various algorithms have been
proposed over the years for solving the above problems, many of which have shown
robust performance in real life and are deployed in a wide range of applications
including human-computer interface, virtual reality, robot navigation, etc Despite
such success, resolving motion in challenging imaging scenarios remains open
problems, including low light, extremely small-amplitude or high-speed motion,
low computational and power budget, etc My dissertation focuses on one speci c
challenge: burst imaging for resolving the blur-noise trade-o .

Blur-noise trade-o.  Imagine taking an image in a room with dim lighting. The
captured image is usually grainy and missing important details. This is because
images taken in low light su er from  shot nois€or photon noise), an inherent source



of noise due to the particle-like behavior of light. Instead of a continuous stream of
energy, light is emitted as tiny packages of energies called photonswhich hit and
get absorbed by the image sensors. Image sensors count the number of photons
received during the exposure and convert them into a digital image. Ideally, the
number of photons at di erent pixels collected should be proportional to the true
brightness of di erent parts of the scene, so the captured digital image is a faithful
portrait of the scene. However, the arrival of photons at the sensors is stochastic
following a Poisson process. As a result, when taking a picture in the dark, the
number of photons collected is extremely random, leaving grainy noise artifacts on
the picture, which destroy the details in the image and make it visually unpleasant.
To avoid or at least mitigate the noise, a modern camera (eg., cellphone, DSLR,
etg with auto-exposure functionality will choose a su ciently long exposure time
such that enough amount of light is received by the image sensor. However, a
longer exposure does not always lead to better images: When there is relative
motion between the scene and the camera, the light coming from the same part
of the scene gets dispersed over a set of pixels, which results inmotion blur. Itis
di cult to simply avoid motion, especially in a casual photography scenario where
the camera is handheld. Therefore, a picture taken in the dark su ers from either
noise or blur.

Burst imaging. Governed by the laws of physics, this blur-noise trade-o is a
fundamental trade-o for any kind of imaging system. Fortunately, it is possible to
mitigate this problem with computation and algorithms. Burst imaging has been
proposed to deal with this trade-o (Liu et al., 2014; Hasino et al., 2016), which
subdivides the entire budget for exposure time into smaller exposure windows,
compute the motion between the captured short-exposure images, and then merge
them into a single image. As a result, the output image contains minimal motion
blur. Since the photon counts from multiple images are combined together, the
noise is also reduced. High-quality imaging capability in the dark is achieved with
the help of accurate motion compensation, which has already been shipped with
millions of cellphones available on the market (Hasino et al., 2016).



However, there exist several scenarios which still remain challenging for con-
ventional burst imaging. To resolve extremely fast motion, extremely high frame
rate is needed, which is impossible for current consumer cameras. This is because
the captured huge amount of images need to be transferred from the sensor to
storage, which is limited by the data transfer bandwidth. Furthermore, when taking
pictures using extreme short exposure, another source of noise comes into play
which is called read noise (or readout noise). Read noise is the combination of all
the noise generated by the electronics that convert the collected photons to digital
units in the image, which is an attribute of the speci ¢ sensor being used. The
amount of read noise is usually xed for each captured frame, which means that
in extreme low light, the amount of read noise may dominate the actual image
signal (Liba et al., 2019), rendering the short-exposure images unusable at all.

1.2 Resolving Blur-Noise Trade-o Using
Single-Photon Cameras

Fortunately, a novel family of single-photon image sensors have evolved rapidly
in recent years. Compared to conventional CMOS and CCD sensors, they have
higher time resolution and lower read noise, which makes them ideal for low-light
burst imaging. In this dissertation, | explore the potential of burst imaging with
single-photon cameras (SPCs).

A conventional camera typically captures hundreds to thousands of photons
per pixel to create an image. An emerging class of sensors, called single-photon
avalanche diodes (SPADs) (Rochas, 2003; Niclass et al., 2005), can recordndividual
photons, and precisely measure their time-of-arrival. Due to their sensitivity and
picosecond time resolution, SPADs are driving an imaging revolution. A new
generation of devices is emerging, with novel functionalities such as imaging at
trillion fps (O'Toole et al., 2017), non-line-of-sight (NLOS) imaging (Buttafava
et al., 2015a; O'Toole et al., 2018a), and microscopic imaging of nano time-scale
bio-phenomena (Bruschini et al., 2019). Indeed, SPADs are fast emerging as the



sensor of choice for automotive LIiDAR due to their high time-resolution (Kumagai
et al., 2021) and lower costs.

Passive single-photon imaging:  So far, most SPAD-based imaging systems are
active, where the SPAD is used in precise temporal synchronization with an ac-
tive light source (e.g., a pulsed laser). This includes applications such as NLOS
imaging (Buttafava et al., 2015b; O'Toole et al., 2018b; Callenberg et al., 2021),
microscopy (Bruschini et al., 2019; Gyongy et al., 2019), and LiDAR (Shin et al.,
2016; Gupta et al., 2019; Sun et al., 2020; Heide et al., 2018; Rapp and Goyal, 2017;
Lindell et al., 2018). Can SPADs be used not just with controlled and precisely
synchronized active light sources as is the norm, but more generally under passive,
uncontrolled illumination (e.g., sunlight, moonlight)? Such passive SPAD-based
imaging systems have the potential to expand the scope of SPADSs to a considerably
larger set of applications, including machine vision and photography.

Consider a SPAD sensor (an array of SPAD pixels) imaging a scene illuminated
by passive lighting. Since photons arrive at the sensor randomly according to
Poisson statistics, photon detection events are also random, and can be visualized
as a spatio-temporal photon-cubgFossum, 2011). A SPAD camera can capture a
sequence of thin, temporal slices of the photon-cube, where each slice is a binary
(1-bit) image. Each pixel location records a 1 if it receives one or more photons
during the temporal extent of the slice, and 0 otherwise. For example, a recent
SPAD camera (Ulku et al., 2019) can capture 10° binary frames per second, at 1/4
MPixel resolution. Due to the random nature of photon arrivals, the binary images
are stochastic. An multi-bit intensity image ( eg., 8-bit) can be reconstructed by
taking a sequence of binary images and computing the temporal statistics at each
pixel.

Passive single-photon imaging under motion: How does motion manifest in

a stochastic binary image sequence? If the scene (or camera) moves during ac-
quisition, the photons emitted by a scene point get mis-alignedand spread over
multiple SPC pixels. In other words, the blur-noise trade-o still exists. To resolve this



Figure 1.1:Quanta burst photography. (Top) Single photon image sensors capture stochastic,
binary image sequences at high speedslQ0 kfps). Such high-speed image sequences can be
aligned to compensate for scene/camera motion using a spatial-temporal hierarchical alignment
algorithm. By merging the aligned sequence robustly, a high-quality image can be reconstructed,
with minimal motion blur and noise, and high dynamic range, even in challenging photography
conditions. (Bottom, from left to right) An example low-light scene captured by a DSLR camera
on a tripod to avoid camera shake; binary image sequence captured by a handheld single-photon
camera; image reconstructed by naive averaging of the binary sequence (shown to illustrate
the amount of motion during capture); super-resolved image reconstructed using the proposed
techniques has low blur and noiséoom in for details.

trade-o, | propose quanta burst photograph§QBP), a computational photography
technique that computationally re-aligns the photons along motion trajectories, for
achieving high-quality images in challenging scenarios, including low-light and
high-speed motion. | develop algorithms that align the binary slices, thus creating
a high-bit-depth, high-dynamic-range, potentially super-resolved (via sub-pixel
alignment (Park et al., 2003; Wronski et al., 2019)) image of the scene, while mini-
mizing noise and motion blur. The entire pipeline is shown in Fig. 1.1. Thisis similar
in spirit to conventional burst photography where a burst of noisy, short-exposure
images are aligned and merged into a single high-quality image (Hasino et al.,
2016; Liba et al., 2019). Quanta burst photography can be considered a limiting
case because each binary image captures at most one photon per pixel, and is thus



extremely noisy and quantized (1-bit). On the other hand, due to fast capture, we
have a long sequence available (1&- 10° frames, depending on light level, dynamic
range and motion), instead of 5 - 10 as in conventional burst photography.

1.3 Thesis

It is my thesis that:

Passive single-photon cameras can measure motion robustly in low-light,| high-
speed scenarios, which can be used to resolve the blur-noise trade-o and reconstruct
high-quality images not only for human viewing, but also for subsequent computer
vision tasks.

| will prove this thesis in two parts: First, | will show image processing pipelines
that estimate the motion between quanta images and combine them into a high-
quality monochrome images (Ch. 3). The approach is then extended to color
images (Ch. 4), which is enabled by a pseudorandom RGBW color lIter array
design that allows reconstruction of sharp color images in dark, dynamic scenes.
The imaging pipeline is adapted to dealing with mosaicked binary images, which
also works as a universal demosaicking algorithm for a class of color lIter arrays. |
will also discuss a perceptually-inspired visualization algorithm for images taken
in low light, which makes the chromatic noise less perceivable while maintaining
the tone of the original scene. | will give theoretical analysis on the signal-to-
noise ratio and dynamic range of the result images, which can be used to identify
the imaging regimes where quanta burst photography has a clear bene t over
conventional imaging. | will also show reconstruction results in both simulation
and real experiments to show high-SNR, low-blur and high-dynamic-range images
can be achieved even in low-light, high-speed scenarios.

In the second part, | will show that SPAD is not only able to capture visually
pleasing images, but such images can also be used for downstream computer vision
tasks (Ch. 5). Since the raw images captured by SPADs are binary and do not
contain su cient information for general computer vision tasks, quanta burst vision



scheme should be used, which combines information from multiple frames. This
pooling of information can be achieved through end-to-end implicit burst vision,
or reconstructing an intensity image rst which is passed as input to downstream
algorithms explicit burst vision | will show that quanta burst photography can be
used as aplug-and-playmodule for explicit burst vision, which works with a wide
range of downstream tasks without the need of redesigning downstream algorithms.
By testing the performance of quanta burst vision on an extensive dataset, | will
show that single-photon cameras can accomplish various downstream computer
vision tasks in challenging low-light, dynamic scenes in the wild.

The main contributions of this dissertation summarized as following:

A burst imaging pipeline that compensates for motion and combines a binary
sequence into a high-quality image. To my knowledge, this is the rst burst
imaging technique for single-photon images that can deal with nonrigid
motion in unstructured scenes in extremely low light.
The rst large-format color SPAD array with a pseudorandom RGBW color
lter pattern.
The rst color burst imaging pipeline for single-photon images.
A novel noise-aware, perceptually-inspired visualization algorithm that re-
duces the perceivable chromatic noise in low-light images while keeping the
original tone.
A set of theoretical models to estimate the signal-to-noise ratio and dynamic
range of images generated by quanta burst photography, which can be used
as a guideline on when to use quanta burst photography over conventional
cameras.
A general framework for approaching computer vision with single-photon
cameras. As a special case, | propose using quanta burst photography as a
plug-and-play module for a variety of downstream computer vision tasks.
The rst single-photon image dataset that contains real binary sequences for
various downstream tasks such as object detection, SLAM, object tracking, etc
The dataset covers a wide range of lighting conditions, scene/camera motion
speeds, indoor/outdoor environments.



Dissertation Overview  Here | give an overview of the rest of the dissertation:

Ch. 2 gives background information on the related work and a mathematical
model of single-photon image sensors.

Ch. 3 describes quanta burst photography in detail.

Ch. 4 extends QBP to color photography, which is enabled by a pseudorandom
RGBW color lIter array (CFA) on SPADSs, a burst imaging pipeline for mo-
saiced quanta images, and a perceptually-inspired, noise-aware visualization
scheme.

Ch. 5 explores using single-photon cameras for general computer vision.
Performance of explicit burst vision with QBP is shown as an example, which
demonstrates the potential of using SPADs for computer vision in dynamic
scenes with challenging lighting.

Ch. 6 concludes the dissertation with limitations and future outlook on single-
photon cameras and quanta burst processing techniques.

Appendix includes two pieces of my prior work on using other kinds of novel
cameras to estimate motion, which inspired me to work on resolving motion
with single-photon cameras.



2 background

In this chapter, | give background information about resolving the trade-o between
motion blur and camera noise with single-photon cameras. First, | will discuss the
prior work related to quanta burst photography and quanta vision. Then, | will
give the mathematical formation of the single-photon camera imaging model.

2.1 Related Work

Image denoising.  Single image denoising algorithms denoise images by impos-
ing various image prior such as spatial smoothness (Beck and Teboulle, 2009),
sparsity (Elad and Aharon, 2006) and self-similarity (Buades et al., 2005). Such
priors are also used in transform domains such as frequency domain (Gonza-
lez and Woods, 2006), wavelets (Malfait and Roose, 1997), and 3D transform
(BM3D) (Dabov et al., 2007b). Recent data-driven denoising algorithms attempt to
capture the noise statistics using a neural network instead of an explicit prior (Zhang
et al., 2018c). Single image denoising approaches tend to fail when the image has
a very low SNR due to low light, and/or limited exposure time because of fast
scene/camera motion. In these cases it is essential to combine information from
multiple images to generate a high-quality image.

Burst denoising.  Burst denoising methods take a sequence of underexposed
images and merge them into a single image. The SNR is improved since more
photons are collected. The key technical challenge for burst denoising is to accurately
align and merge frames as the camera moves. This can be addressed either by a two-
step align-and-merge approach (Wronski et al., 2019; Liba et al., 2019; Hasino etal.,
2016; Liu et al., 2014; Heide et al., 2014), or joint optimization (Heide et al., 2016).
Recently, deep learning based methods have also been proposed (Godard et al.,
2018; Mildenhall et al., 2018; Xia et al., 2019; Liang et al., 2020). A related problem
is video denoising, where both input and output are sequence of images (Chen
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et al., 2019; Maggioni et al., 2012; Dabov et al., 2007a). Our goal is to create a single,
high-quality image from a burst of binary single-photon frames.

Wide-dynamic-range sensors. There are several wide-dynamic-range image sen-
sors based on di erent technologies, such as logarithmic response (Kavadias et al.,
2000) and light-to-frequency conversion (Wang et al., 2006). Such sensors have
an extended dynamic range compared to conventional CMOS sensors, but the
blur-noise trade-o still exists, which makes them less e ective for low-light, fast-
motion scenarios. In addition, especially for logarithmic sensors, photo response
non-uniformity (PRNU) is a limitation in conventional implementations (Yang

et al., 2009); this e ect compounds the above issues, signi cantly limiting image
quality.

Quanta (single-photon) sensors.  Currently, there are two main enabling tech-
nologies for large single-photon camera arrays: SPADs and jots. SPADs achieve
single photon sensitivity by amplifying the weak signal from each incident photon
via avalanche multiplication, which enables zero read noise and extremely high
frame rate ( 100kfps). Jots, on the other hand, amplify the single-photon signal
by using an active pixel with high conversion gain (low capacitance) (Fossum,
2005). By avoiding avalanche, jots achieve smaller pixel pitch, higher quantum
e ciency and lower dark current, but have lower temporal resolution (Ma et al.,
2017). Although the techniques in this dissertation are applicable to both SPADs
and jots, we primarily focus on SPADs because of their capability to resolve fast
motion due to high temporal resolution. We show simulation-based comparisons
between the two types of sensors, and a discussion on their relative merits, in
Sec. 3.5.

Image reconstruction from single-photon sensor data. Eg. 2.5 can be directly
applied to reconstruct an linear intensity image. Prior works on SPC image recon-
struction improve the image quality via denoising techniques such as total variation
and BM3D (Chan et al., 2016; Gnanasambandam et al., 2019), or by an end-to-end



11

neural network (Choi et al., 2018; Chandramouli et al., 2019). In the presence of
motion, Fossum (2013) suggested shifting the binary images to compensate for mo-
tion and achieve blur-free image reconstruction. This idea has been implemented
recently (Iwabuchi et al., 2019; Gyongy et al., 2018, 2017), albeit for simplistic mo-
tion models ( eg., planar objects with in-plane motion and no occlusions). The
proposed approach is based on a much less restrictive assumption (motion can be
approximated by patch-wise 2D translation and remains constant within temporal
blocks), and can reliably produce high-quality images for a broad range of complex,
real-world scenes.

Color imaging for single-photon cameras. Megapixel jot array with Bayer RGB
pattern has been developed (Gnanasambandam et al., 2019), which has demon-
strated promising results for joint demosaicking-denoising (Elgendy et al., 2021)
and image classi cation (Gnanasambandam and Chan, 2020). Elgendy and Chan
(2020) studies the spatio-spectral design of CFA for jot arrays using an optimization-
based framework. Shah et al. (2020) builds the rst color SPAD array using RGB
plasmonic metasurface mosaic Iters, with a resolution of 64  64. To our knowl-
edge, our work is the rst to implement pseudorandom RGBW color Iters on a
large-format SPAD array.

Low-light computer vision. One way to improve low-light performance of com-
puter vision algorithms is to explicitly apply an image denoising or enhancement
pre-processing step prior to a task-speci ¢ algorithm, such as Retinex model (Ye
etal., 2021; Land, 1977), style transfer (Jung et al., 2019), denoising module for neu-
ral networks (Liu et al., 2018), and feature de-drifting module (Wang et al., 2020a).
Another category of methods aim to improve the end-to-end training process for
low-light performance implicitly (Hendrycks and Dietterich, 2019; Diamond et al.,
2021; Li et al., 2021). Explicit burst vision is similar in principle to the rst category,
while implicit burst vision shares common elements with the second category.



12

Computer vision with passive single-photon image sensors. Previous works
have focused on image classi cation on naive average of binary frames with only
a few detected photons by condensing knowledge from hign-SNR images via a
student-teacher framework (Gnanasambandam and Chan, 2020) or photon scale
space (Goyal and Gupta, 2021). Such low-photon-countimages exist mostly because
a longer exposure cannot be used due to scene/camera motion. The performance
of such tasks can be further improved if appropriate burst vision techniques are
applied. Chen and Perona (2016) proposes to apply computer vision algorithms
directly on a stream of photons before a clean intensity image is formed. Li et al.
(2021) uses a non-local neural network to combine features from a burst of photon-
limited images. Both methods fall into our de nition of implicit burst vision.

Computer vision with active single-photon image sensors. SPADs have been
broadly used for LIDAR, which measures scene depth and has applications in
various computer vision tasks. Afshar et al. (2020) proposes an event-based neuro-
morphic system that directly performs object recognition from detected photons.
Mora-Martin et al. (2021) directly trains a neural network for object detection from
pixelwise photon timing histograms. In this dissertation, we focus on using SPADs
as passive sensors.

2.2 Passive Single-Photon Imaging Model

Consider a single-photon camera observing a scene. The numberZ(x,y) of photons
arriving at pixel (x,y) during an exposure time of seconds is modeled as a Poisson
random variable (Yang et al., 2012):

( )<e

PfZ = kg= K ,

(2.2)
where (X,y) is the photon ux (photons/seconds) incident at (x,y). is the
guantum e ciency. Each pixel detects at most one photon during an exposure time,

returning a binary value B(X,y) such that B(x,y) = 1if Z(x,y) > 1;B(x,y) = 0
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otherwise. Due to the randomness in photon arrival, B(X,y) is a random variable
with Bernoulli distribution:

PfB=0g= el *fa),

PfB = 1g= 1- e *ra ) (2.2)

where rq is the dark count rate (DCR), which is the rate of spurious counts unrelated
to photons.

To estimate the number of incident photons  (proportional to the linear in-
tensity image of the scene), suppose the camera captures a sequence of binary
frames. Assuming no motion between binary frames, or that the binary frames
are aligned perfectly to compensate for motion, we de ne S(x,y) as the sum of all

binary frames:
Xa
S(X,y) = Bt (X!y) ) (23)

t=1
where B; (X,y) is the binary frame attime t, and n, is the number of frames. S(x,y) is
the total number of photons detected at (x,y) over the entire binary image sequence.
Since each binary frame is independent, the expected value of the sum image is
the product of the number of frames n, and the expected value of the Bernoulli
variable B:
E[S(x,y)] = ng E[B(x,y)] = nq 1- e *ra) . (2.4)

The maximum likelihood estimate (MLE) of the intensity image is given
as (Antolovic et al., 2016):

"xy)=- (L SKY)=Ng)= - fo(xy)= . (2.5)

Dynamic range: Eq. 2.4 describes the relationship betweenS, the total number
of photons detected by the camera, and , the number of photons incident on the
camera (the quantity we wish to estimate). This non-linear relationship (Sbaiz et al.,
2009), as plotted in Fig. 2.1, is similar to the D-log H curve for photographic Ims
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Figure 2.1:Response curves for conventional sensors and SPADs. The response curve for a
sensor is de ned as the plot of the average number of photons detected as a function of number
of photons incident on the sensofLeft) The response curve for conventional sensors is linear,
until saturation when the full well capacity is reache(Right) For SPADs, the response curve

is non-linear, and asymptotically approaches a limit, which is the total number of binary frames
captured in the given time duration. SPADs su er from only soft saturation since the number
of detected photons keeps increasing, albeit progressively slowly, for increasing incident ux.

proposed by Hurter and Di eld in 1890, because single-photon cameras emulate
the silver halide emulsion Im process (Fossum, 2005). The key observation is that
this response curvasymptotically approaches its maximum value ( nq), while never
reaching it. This soft saturation(Ingle et al., 2019) suggests that the value of Skeeps
increasing (albeit progressively slowly) as the number of incident photons increases,
which means the incident ux can be recovered even for bright scenes. In contrast,
the response curve for conventional sensors is a straight line before hitting the full
well capacity, and then attens due to saturation. Therefore, a passive single-photon
camera, while capable of imaging low-light scenes, somewhat counter-intuitively,
can also image bright scenes where conventional sensors saturate, providing an
extremely wide dynamic range.

Read noise: Conventional sensors convert discrete incident photons to analog
current, which is again converted to a discrete number by an analog-to-digital
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converter (ADC). This discrete ! analog! discrete pipeline results in read noise,
which is the dominant source of noise in low-light. This places a limit on exposure
time used in conventional burst photography. Given a xed total capture time,
increasing the number of frames may reduce motion artifacts, but since each addi-
tional frames incurs a read noise penalty, the SNR of the merged image is lowered.
Jots have a deep sub-electron read noise (currently 0.2e (Maetal., 2017)), which
although considerably lower than conventional CMOS sensors, can still limit the
image quality in ultra low-light conditions (Fossum et al., 2016).

In contrast, SPADs directly measure the photon counts, skipping the intermediate
analog conversion, thereby avoiding read noise. This allows a SPAD camera to
nely divide the exposure time into a large number nq of binary frames for motion
compensation, thereby simultaneously achieving low motion-blur and high SNR.

Image formation under motion. When the scene is static relative to the camera, it
is possible to reconstruct an intensity image by applying Eq. 2.5 directly. However,
where there is relative motion between the scene and the camera, the photons
emitted from the same scene point get dispersed across multiple pixels at di erent
binary frames. Using Eg. 2.5 results in motion blur. In the next chapter, | will
introduce an approach to compensate for such motion and reconstruct a blur-
free image while combining all the photon arrival information across the entire
sequence.
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3 resolving motion using quanta burst photography

3.1 Why quanta burst photography?

In this chapter, | discuss in detail quanta burst photography, which is a compu-
tational photography technique that computes and compensates for the motion
between binary frames captured by a single-photon camera, and merge them into
a single intensity image with high SNR, minimal blur, super-resolution and high
dynamic range.

One of the key bene ts of single-photon cameras (SPCs) is the low read noise in
the raw binary frames (Bruschini et al., 2019), which enables dividing the exposure
time nely into a long sequence of frames to handle fast motion. This results in vir-
tually negligible intra-frame motion blur and low noise, even for rapid motion (e.qg.,
sports and wildlife photography). ! Furthermore, although at rst glance it may
appear that SPCs, due to their high sensitivity, are useful only in photon-starved
scenarios, surprisingly, they can also image bright scenes where conventional sen-
sors saturate (Ingle et al., 2019; Antolovic et al., 2018). This is because although
each binary image is quantized, a large collection of single-photon measurements,
when combined, naturally avoids saturation (Yang et al., 2012), and thus, achieve
extreme dynamic range. There are two key catalysts for quanta burst photography:

(a) Emergence of large SPCs: Till recently, SPCs were available as single-pixel
or small arrays (e.g., 32x32 pixels), which, while su cient for several scienti ¢
imaging applications, are not suitable for consumer domain photography. Fortu-
nately, due to their compatibility with mainstream CMOS fabrication lines, it is now
possible to develop large SPCs arrays, with the world's rst 1 MPixel jots (Ma et al.,
2017) and SPAD arrays (Morimoto et al., 2019) reported recently, while maintaining
high sensor quality and room temperature operation

For conventional cameras, there is a xed read noise penalty for each captured frame. Therefore,
dividing the exposure time nely into a large number of frames increases the e ective read noise in
the merged image.
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(b) High-performance burst photography: We are inspired by the recent
success of burst photography algorithms (Hasino et al., 2016; Wronski et al., 2019;
Libaetal., 2019), which, forthe rsttime, are starting to produce reliably artifact-free
images in almost all circumstances, including challenging scenes with occlusions
and non-rigid motion. These motion estimation and merging methods are robust
enough to be shipped to consumer devices, a gold-standard for computational
photography techniques.

We adopt the design principles and best practices from these burst photography
approaches, and design algorithms tailored for single-photon binary stochastic
images. We demonstrate, via simulations and experiments on a 1/8 megapixel SPAD
array (SwissSPAD2 (Ulku et al., 2019)) that quanta burst photography is able to
generate high SNR, blur-free and super-resolved images in extreme scenarios (low-
light, fast motion, large dynamic range) which would be considered challenging
for burst photography on conventional cameras.

Scope and limitations:  Are single-photon cameras and quanta burst photography
ready to be deployed on consumer devices? Not yet. So far, we have focused on
achieving high image quality. Our current unoptimized implementation, however,

is not directly amenable to consumer devices, which have strong constraints on
speed, power and memory. The current sensor prototype does not have a color
Iter array (e.g., a Bayer pattern), and thus, the resulting images are gray-scale.
The resolution, although highest to-date among SPAD cameras, is still relatively
low (1/8 MPixel) for consumer applications. Fortunately, the capabilities of single-
photon sensors continue to improve, with higher resolution (Morimoto et al., 2019)
and color sensors (Elgendy and Chan, 2019) on the horizon.

The proposed approach is not meant to directly compete with conventional
CMOS sensors and burst photography pipelines, which have been optimized over
several years, and can produce compelling photographic experiences. Instead, our
goal is to explore and analyze a nascent but promising imaging modality, which, if
successful, could lead to capabilities (high quality photography in ultra low-light
and fast motion) that were hitherto considered impossible. This paper should be
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Figure 3.1: Algorithm overview. In this example, the binary sequence is divided into 100-frame
temporal blocks. The central block is chosen as the reference bl¢k For each block, the
binary frames are added to form the block-sum imag@) Every other block is aligned to

the reference block, resulting in a coarse patch ow between the center frames of the blocks.
(38) Coarse patch ow is temporally interpolated to estimate the ne-scale patch ow between
individual binary frames.(4) Binary frames are warped using the ne-scale patch ow and
added together to form warped block-sum imag€5) Warped block-sum images are merged
together using a robust frequency-domain approach.

seen just as a rst step toward that goal.

3.2 Single-Photon Imaging Under Motion

How do we capture an image with single-photon cameras when there is motion? If
the scene or camera moves during capture, simply summing the binary sequence
(Eg. 2.3) leads to merging of photons from di erent scene points, resulting in
motion blur. Therefore, to avoid motion blur, the binary frames must be aligned to
compensate for inter-frame motion before merging them.
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Aligning the binary frames directly is challenging because the traditional bright-
ness constancy assumption does not hold for the observed random binary signal
due to extremely low SNR. Although it may be possible to estimate the inter-frame
motion when the motion is a global, low-dimensional transform such as global 2D
translation or global homography, for general, unstructured scenes with unknown
geometry, the transform must be formulated as a pixelwise 2D motion eld (or
optical ow). In this case, the total number of unknown parameters to estimate
is 2MN for image resolution M N. Such a complex, high-dimensional motion
model cannot be solved precisely from the random binary input data.

Fortunately, SPADs are able to capture binary frames at high frame rates (97.7kfps
for SwissSPAD2 (Ulku et al., 2019)). At such high frame rates, the velocity at each
pixel can be treated as a constant within a local temporal window. We use this
observation as an additional constraint to solve the otherwise challenging optical

ow problem on stochastic binary frames. One way to incorporate such a constraint

is to compute a temporally coherent optical ow (Black, 1994; Weickert and Schnarr,
2001; Volz et al., 2011). In practice, we choose a simple, less computationally inten-
sive approach: We divide the entire image sequence into non-overlapping temporal
blocks, compute the sum image for each block (called block-sum imagésnd align
the block-sum images. The block-sum images have a higher SNR than individual
binary frames, which makes it possible to use traditional optical ow methods to
align them.

Block-level vs. frame-level alignment. Fig. 3.1 shows an overview of the method.
We call the block in the center of the sequence thereference blockAll the other
blocks, called auxiliary blocks are aligned to the reference block. After aligning the
block-sum images, we do not use the coarse-temporal-scale motion eld between
temporal blocks to merge them directly. Instead, we linearly interpolate the motion
eld in time to obtain motion between successive binary frames. This ne-scale
motion eld is used to warp each binary frame and align to a central reference
frame in the reference block, before merging. This hierarchical approach removes
the motion blur within each temporal block, resulting in sharp images even for fast
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moving scenes. After warping, a frequency-space merging algorithm is used to
merge the temporal blocks, which provides robustness to small alignment error. In
the next two sections, we provide details of the align and merge algorithms.

3.3 Aligning Temporal Blocks

Given a reference and an auxiliary block, we compute the 2D correspondence map
between them based on their appearance. Instead of using a pixel-wise optical ow
algorithm, we use a patch-based alignment approach 2 since it is more resilient
to noise than pixel-wise optical ow (Bruhn et al., 2005; Zimmer et al., 2011).
Furthermore, even for merging (Sec. 3.4), patch-based approaches achieve more
robust results than pixel-based merging (Liu et al., 2014) in low SNR images. For
patch-based merging, it is su cient to compute a motion eld at the patch level,
thereby saving computational time.

Hierarchical patch alignment.  We use a hierarchical patch alignment approach
similar to Hasino et al. (2016) on an image pyramid built from the block-sum
images. The number of pyramid levels can be adjusted according to the spatial
resolution of the binary images. We use a 3-level pyramid for the 512x256 images
used in our experiments. The matching is done by minimizing L1 matching error
in a spatial neighborhood. For a patch with indices (i, ), which expands the pixel
indices [iM ,(i+ )M - 1] [M,(j + )M - 1], we nd the smallest motion vector
(u,Vv) that minimizes:

(i+jQM- 1(j+5QM- 1
Eq(u,v;i,j) = jSax (X+ U,y + V) - Ser (X,Y)]. (3.1)

The size of the patchisM M. S,y« is the auxiliary block-sum image and S is
the reference block-sum image.

2In this paper, we refer to temporal sum of frames as “blocks” and spatial windows of pixels as
“patches”.
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Figure 3.2:E ect of frame-level alignment. (Left) Simple sum of binary frames captured
by a moving camera shows the signi cant motion bluiCenter) Alignment at the block level
(each consisting of 100 binary frames) does not remove the motion blur complgiRight)
Blur is reduced by interpolating the block-level alignment to achieve frame-level alignment.

Spatial regularization at nest level. We perform a global regularization at the
nest level of the pyramid to further re ne the patch alignment results (especially
for blocks with extremely small number of photons) and to provide sub-pixel
alignment for super-resolution. This is performed by minimizing the following

energy: 7
min E(u,v) = Ea(u,viij)+ (ke uky+ ke vky) didj | (3.2)

ij
where ; =[0,W=M] [0,H=M]is the spatial domain for the patch indices i,].
u,v are the motion elds de ned on i »andH W is the spatial resolution of the
input images. Ey4 is the matching error de ned in Eq. 3.1. In practice, we minimize

the Charbonnierloss (x) = x2+ Z2as an di erentiable alternative for the L1 loss.

Interpolating the motion eld. The computed inter-block motion is treated as
motion between the center frames of each block. A linear interpolation is then
performed to compute the motion between individual frames. Higher-order in-
terpolation ( eg., cubic or spline) may improve the temporal smoothness, but will
increase the dependency on other blocks. In practice, linear interpolation achieves
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good results for SPADs with high temporal resolution. Fig. 3.2 shows an example
demonstrating the bene ts of frame-level interpolation. While alignment at the
block level does not remove the motion blur completely, blur is considerably re-
duced by frame-level interpolation. An evaluation of frame-level interpolation on
real data is provided in Sec. 3.10.

3.4 Merging Binary Sequence

After estimating inter-frame motion, one way to merge the binary image sequence
is to warp the binary images, compute the sum image of all warped images, and
nally, compute the MLE of the sum (Eq. 2.5). However, the estimated motion eld
may have errors due to occlusions, motion discontinuities, and non-rigid scene
deformations. In this case, simply summing the warped binary images will create
strong blurring or ghosting artifacts.

Can robust merging be used for binary frames? Robust merging methods such
as Wiener frequency-domain Itering have long been used in video denoising and
burst denoising (Hasino et al., 2016) to account for potentially incorrect estimated
motion. The key idea is that if a patch in a warped frame is signi cantly di erent
from that in the reference frame, then the alignment is likely erroneous. The nal
merged patch is computed by taking a weighted average of all matched patches,
where the patches with large di erence with the reference path (likely erroneous)
are given a lower weight. This approach, while successful for conventional cameras,
cannot be directly applied to merge the single-photon binary frames. This is because
even if two binary frames are perfectly alignedthe di erence between the frames
could still be high due to the dominating shot noise. As a result, every auxiliary
frame will have a low weight, and will make a low contribution to the nal merged
image, resulting in low SNR, as shown in Fig. 3.3.

In order to address this limitation, we adopt a two-step approach. First, we warp
the frames within each block to the block's reference frame by using the estimated
ne-scale inter-frame motion. The frames are simply added to form a warped
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Figure 3.3:Block-level Wiener Itering. (Left) The binary reference frame is extremely noisy
due to the stochastic nature of photon arriva{Center) Wiener Itering is applied such that
each auxiliary frame is weighted by measuring its di erence with the reference frame. Since the
di erence is large even for mid and low spatial frequencies, the noise in the reference frame is
preserved in the merged imagéRight) Wiener ltering is applied to warped block-sum images,
resulting in merged images with higher SNR.

block-sum image without any robust merge, since the amount of motion within
each block is small, reducing the likelihood of alignment errors. This warping
makes it possible to remove the motion blur within each block, as shown in Fig. 3.2.
The warped block-sum images have su cient SNR to be amenable to a traditional
frequency-domain robust-merging approach (Hasino et al., 2016). Therefore,
Wiener Itering is applied to the warped block-sum images in the second step, so
that they can be merged stably to reduce the noise level. Fig. 3.3 shows the result of
applying block-level Wiener lItering, resulting in considerably higher SNR than
naive frame-level merging.

Merging with super-resolution: The high-speed single-photon data leads to
small inter-frame motion ( 0.01 pixels), which can be leveraged to generate a
merged image that has a higher resolution than the input frames (Park et al., 2003;
Wronski et al., 2019). We develop a simple super-resolution algorithm based on
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Figure 3.4: Super-resolution merging. (1) Binary frames within a block are warped and
summed using the ne-scale inter-frame patch ow?2) The resulting warped block-sum image

is Itered according to a guide image (the warped block-sum image for the reference block).
This step prepares matches for the reconstruction step by mitigating the noise and alignment
errors. (3) The weighted patches are placed on a supersampled output grid, where pixels in
the individual patches are treated as samples. For each pixel on the output grid, an anisotropic
Gaussian kernel is used to combine the samples in a local neighborhood. The shape and size of
the anisotropic kernel is determined by analyzing the structure tensor of the guide image.
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kernel regression by adapting the original merging method described above. As
above, after the inter-frame motion eld is computed, frames within the same
block are warped and added up to form the warped block-sum images. However,
instead of computing the weighted average of patches, the weighted patches are
treated as a bag of sample points, as shown in Fig. 3.4. Each patch is warped to
sub-pixel locations on a higher-resolution output pixel grid. The algorithm then
scans through each pixel on the output grid. At each pixel, an anisotropic Gaussian
kernel (Takeda et al., 2007; Wronski et al., 2019) is used to combine the sample
points within a spatial neighborhood. Instead of the point-wise robustness term
used in recent conventional burst photography (Wronski et al., 2019), our super-
resolution method uses the frequency-domain robust merging approach (the same
approach used in original-resolution merging). This approach is more robust in
practice, at the cost of slightly higher computational complexity. Please refer to
Sec. 3.8 for design details of the kernel regression method.

Post-denoising and tone mapping:  After using the proposed motion-compensating
temporal denoising method to generate a nal sum image, existing single-photon
image reconstruction methods can be applied for further denoising (see the Sec. 3.10
for comparisons of di erent reconstruction methods). We apply Anscombe trans-
form (Anscombe, 1948) to the sum image and apply BM3D (Dabov et al., 2007b)
for spatial denoising (Chan et al., 2016).

After merging and denoising, we use Eg. 2.5 to invert the non-linear response to
getalinear image. Gamma correction and tone-mapping is then applied to generate
images suited for viewing.

3.5 Results

3.5.1 Simulation Results

In the results section, we rst use simulated images to quantitatively compare the
PSNR of reconstructed images of conventional and quanta burst photography. We
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Table 3.1: Simulation con guration

Sensor Type \ Conventional Jot SPAD
Resolution Same

Pixel Pitch Same

Bit Depth 10 1 1
QE/PDE (R) 59% 64% 17%
QE /PDE (G) 64% 71% 23%
QE / PDE (B) 47% 62% 21%
Read Noise (per pixel) 2.4 0.24 0
Dark Current Noise / ] )

Dark Count Rate (per pixel) le'fs 0.16e" /s 7.5cps

Figure 3.5:Simulation results under di erent lighting conditions.  We simulate a 2000-frame
binary sequence of a still indoor scene under three di erent lighting conditions. The camera
motion is the same in all three sequencedop) When there is su cient light, the visual
quality of conventional and quanta burst photography are comparable, although the latter
generates a sharper image with less motion bl(Bottom) As the light level decreases, quanta
burst provides a much better image than conventional cameras. In both cases, quanta burst
photography achieves higher PSNR.
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Figure 3.6: Performance for di erent types of camera motion. We simulate four di erent
types of motion for the same scene: rotation around y-axis, rotation around z-axis, translation
along z-axis and a random 6 degrees-of-freedom (DoF) trajectory. In all cases, the proposed
algorithm is able to align the binary images and generate high-quality images.

simulate the imaging process for a SPAD camera and a conventional camera of the
same resolution and pixel pitch. We rst simulate the ground-truth linear intensity
images using a ray tracer (POV-Ray) and then draw Bernoulli samples according
to EQ. 2.2 to synthesize the binary images. Tab. 3.1 shows the sensor parameters
we used for the simulation. The parameters for the conventional sensor are for a
high-end machine-vision camera 3. The parameters for the SPAD camera are based
on the SwissSPAD2 sensor we use for our experiments. Currently SwissSPAD2
does not have a Bayer Iter for color imaging. We do not simulate the Bayer Iter
and demosaicing process but render the RGB channels directly. The alignment is
performed on a grayscale version of the image and the merging is applied to the
three channels independently. The fraction of incident photons that are measured
by a SPAD is given by its photon detection e ciency (PDE), which is de ned

as the product of quantum e ciency, Il factor and photon detection probability
(PDP). The PDE used in the simulation is computed by multiplying the PDP of
SwissSPAD2 with the spectral response of a set of contrived color lters and the

3https://www. ir.com/products/grasshopper3-usb3/?model=GS3-U3-123S6C-C



28

Il factor (assumed to be 50% which can be achieved with microlenses (Antolovi ¢
etal., 2019)). The dark count rate is assumed to be spatially uniform (no hot pixels).
For real images, this non-uniformity can be calibrated and compensated as shown
in Eq. 2.5.

Comparison of conventional and quanta burst photography. We compare the
results for single-shot conventional image, conventional burst photography and
quanta burst photography for di erent lighting conditions. For conventional
burst result, we use an approach similar to conventional burst photography meth-
ods (Hasino etal., 2016). The exposure time and number of bursts are determined
using the strategy described in Sec. 3.6.

Fig. 3.5 shows the simulation results for di erent lighting conditions. The scene
is kept static while the camera is moving. The trajectory of the camera is set to be
a linear 3D translation plus a small, smooth random 6 degrees-of-freedom (DoF)
perturbation at each frame. For a scene with su cient light, both burst methods
generate high-quality images. In low light, SPAD-based quanta burst photography
generates much better result as there is no read noise. Please refer to Sec. 3.10 for a
comparison of the two methods for di erent motion speeds under extremely low
light.

Performance for di erent types of camera motion. Fig. 3.6 shows the quanta
burst reconstruction results for di erent kinds of camera motion, including rotation
around y-axis, rotation around z-axis, translation along z-axis and random 6DoF
motion. In all cases, relatively blur-free images are reconstructed.

3.5.2 Comparison between Jots and SPADs

The quanta burst photography approach discussed so far is applicable to both
single-photon sensing technologies: SPAD and jots. What are the relative bene ts
of the two technologies? In this section, we address this question by comparing
their performance in various imaging scenarios.
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Figure 3.7:Comparison of jots and SPADs under di erent motion speeds. We simulate a
projected jots device with the same bandwidth as SPADs (and thus, higher spatial resolution).
For fast motion, temporally super-sampled SPADs are able to resolve the motion blur and
achieve sharper image. For slow motion, spatially super-sampled jots are able to reconstruct
image details with higher delity.
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