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Advances in Quantum Imaging with Machine Intelligence

Chané Moodley* and Andrew Forbes

Quantum imaging exemplifies the fascinating and counter-intuitive nature of
the quantum world, where non-local correlations are exploited for imaging of
objects by remote and non-interacting photons. The field has exploded of late,
driven by advances in our fundamental understanding of these processes, but
also by advances in technology, for instance, efficient single photon detectors
and cameras. Accelerating the progress is the nascent intersection of
quantum imaging with artificial intelligence and machine learning, promising
enhanced speed and quality of quantum images. This review provides a
comprehensive overview of the rapidly evolving field of quantum imaging
with a specific focus on the intersection of quantum ghost imaging with
artificial intelligence and machine learning techniques. The seminal advances
made to date and the open challenges are highlighted, and the likely trajectory

for the future is outlined.

1. Introduction

The notion of entanglement between particles could be said to
have its origins in the famous 1935 paper outlining what is now
referred to as the EPR paradox.l'! Notions of object detection us-
ing this resource found their way into textbooks as thought exper-
iments, e.g., the Bohm bomb, but had little connection to prac-
tical implementation. It wasn’t until more than half a century
later that the term “quantum ghost imaging” arose in the con-
text of studying EPR correlations, ushering in a quantum version
of imaging.?! To appreciate the advance it is instructive to com-
pare it to conventional imaging. In conventional imaging, light
travels from the object to the image plane (detector), while po-
sition correlations between the object and image plane ensure
a “sharp” image. The necessary correlations are established by
virtue of the imaging system, e.g., pinholes, lenses and judicious
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distances between the planes. In con-
trast, the seminal quantum ghost imag-
ing experiment utilized position correla-
tions shared between two entangled pho-
tons, one of which is sent to the object
and collected in a large “bucket” detec-
tor, thus removing any object informa-
tion, while the other, which has never
interacted with the object, is sent to a
spatially resolving detector, a “camera”,
which in the original experiment was
a scanning single mode fibre. Crucially,
neither photon has any information of
the object, but the when the photons are
measured in coincidence, the spatial cor-
relations allow for image reconstruction.
This process is illustrated in Figure 1.
Since this seminal work, many demon-
strations of ghost imaging have been
realized, including the use of thermal light,>] momentum
correlated ghost imaging,® spiral ghost imaging with orbital
angular momentum,/’#] time domain ghost imaging,®1
computational and compressive ghost imaging,['"1?] and dual
wavelength ghost imaging.['*!*l The field has since exploded
to cover other forms of quantum imaging too, collectively
harnessing quantum properties of light to reconstruct images
with a precision, sensitivity and photon flux that is beyond
what is possible by classical methods,['>"7] including imaging
with undetected photons,['®1%] interaction-free imaging(?®! and
quantum-inspired detection and imaging of remote objects.[21-23]
Where quantum imaging has lagged behind its classical coun-
terpart is the time to reconstruct images of sufficient quality to
be recognized by a human eye. It is here that the intersection
of computer intelligence and quantum imaging has come to the
fore.

The field of computer vision emerged earlier than quantum
imaging, in the 1960s, with the goal of enabling computers
to interpret visual information as would a human.[?*! Early re-
search in computer vision focused on optical character recogni-
tion and processing satellite images, for instance, seminal works
such as The Summer Vision Project in 1966/%°! enabled com-
puters to interpret visual information. In the 1970s and 1980s,
algorithms to extract features from images, e.g., corners and
edges, for object recognition emerged. These early efforts fo-
cused on basic image processing tasks such as edge detection,2°]
pattern recognition,[?’] and template matching.[?#30 Feature
extraction-based approaches gained prominence in the late 1990s
and early 2000s,! but involved manually designing algorithms
to detect specific features in images. Scale-invariant feature
transform (SIFT) and histogram of oriented gradients (HOG)
were popular methods for object detection and recognition.[3233]
Despite their effectiveness, these approaches struggled with
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Figure 1. A conceptual diagram of a commonly implemented quantum
ghost imaging optical setup. Entangled photons, generated at the non-
linear crystal, are spatially separated. One of these photons probes the
object and is collected by a detector without spatial resolution while its
twin photon is spatially resolved. An image is formed by detecting the en-
tangled photon pair in coincidence.

variations in lighting, scale, and viewpoint, limiting their ac-
curacy in complex representations and applications.* In the
later 2000s there was a shift towards machine learning tech-
niques in computer vision, pertinent to applications within quan-
tum imaging and imaging as a whole. Many research groups
invested time in classifiers, such as Support Vector Machines
(SVMs), to improve object recognition within images.** The Im-
ageNet Large Scale Visual Recognition Challenge (ILSVRC) sig-
nificantly accelerated progress by providing larger datasets for
training and evaluation which led to more robust solutions pre-
dicted by machine learning algorithms.[**] Deep learning gained
notable traction with the development of Convolutional Neu-
ral Networks (CNNs); originally introduced in the 1980s but
popularized in the 2010s and revolutionized computer vision
through establishing automatic feature extraction.””’ CNNs were
inspired by the visual processing mechanisms in the human
brain and led to a new era within computer vision and image
processing.[38-40]

The convergence of quantum imaging and artificial intelli-
gence (Al) has paved the way for significant advancements in
quantum imaging resolution, sensitivity, and object identifica-
tion, with the basics covered in recent tutorials.[*'~*] In this re-
view, we will delve into the recent advancements and applications
with a focus on quantum ghost imaging and AI. We highlight the
seminal advances, modern and popular Al algorithms, as well as
their implementation and utilization in quantum imaging. We
highlight the advantages that the convergence of these seemingly
disparate technologies have brought to the field, and provide in-
sights into the open challenges and future prospects within this
emerging field.
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1.1. An Aside: Back to Basics

To get started with quantum imaging the reader is referred to re-
cent tutorials on the topic.[*'~*] Here, we capture the quick basics
but encourage the interested reader to delve further. The spatial
resolution of the quantum imaging system is largely set by the
diameter of the pump beam at the crystal the produces SPDC,
with the position correlation radius (as measured in the far field)
between signal and idler photons given by

24
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where f is the effective focal length of the Fourier-transform lens,
4, the wavelength of the pump beam, and w, is the waist of the
pump beam. Irrespective of the resolving power of the optical sys-
tem this correlation sets the resolution limit which cannot be ex-
ceeded by the quantum imaging system. The field of view (FOV)
is set by the phase-matching imposed by the length of the chosen

crystal
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where L is the crystal length, setting a limit on the number of
resolution cells available for quantum ghost imaging as

2 24,2
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The number N corresponds to effective pixels in the recon-
structed quantum ghost image. In a single pixel version of the
experiment, the image is formed by a linear combination of pro-
jective masks weighted by the coincidence counts

N

I(x,y) = ). ¢Pi(x,y) (4)

i=1
where I(x,y) is the image, ¢; the coincidence counts, and P;(x, y)
the patterned projective mask for the i* measurement. We can
predict the outcome of the experiment by simulating the overlap
of the projective masks, object, pump light and detectors as

2

G = ’/gz(X)Mp(X)Mobjed(x)Mmask(x)dX (5)

where M, (x) describes the mode that pumps the crystal, M, (x)
and M, (x) describe the transmission function of the digital ob-
ject and the projective mask, respectively and g?(x) describes the
fibres used for photon collection. Note that all beam sizes should
be calculated at the same plane, e.g., the plane of the crystal. This
simple addition of the outcomes is seldom used directly and in-
stead a running averaging and constant term subtraction is em-
ployed to improve the convergence, for
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Figure 2. The field of ghost imaging is not only broad but also deep, spanning many optical and computational techniques and advancements. The
focus of this review is on quantum ghost imaging where computational techniques have been used to enhance optical techniques and advances. It must
be noted that although quantum ghost imaging is a node in the broad field of ghost imaging, many of the ghost imaging nodes overlap. Examples of
this include the overlap between quantum ghost imaging, computational ghost imaging and compressive ghost imaging as illustrated.

where 4y is the ensemble average of the accidental counts over
N measurements, ¢ is the ensemble average of the coincidences
over N measurements and a; is the accidental counts for the
i measurement. Adding the righthand side with the corrected
weighting (experimental or simulated) returns the reconstructed
image of the object.

2. Advances in Ghost Imaging

Ghost imaging comes in many variant forms, spanning classi-
cal to quantum, as illustrated in Figure 2. What they have in
common is an image acquisition technique which utilizes the
correlations between two spatially separated fields of light (or
photons) to reconstruct an image of an object, where one of the
fields (or photon) does not physically interact with the object.[*4+]
By virtue of its setup, each individual field cannot offer any
information on the object, however the correlations between
them allows for the reconstruction of an image.[*®*’] Originally,
quantum ghost imaging was demonstrated as a phenomenon
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of quantum entanglement!?! as a result of a spontaneous para-
metric downconversion (SPDC) process.[*8] Subsequently, it was
demonstrated that ghost imaging can be conducted through the
use of classical correlations.>>* In this section, we introduce
the advances in the quantum version of ghost imaging, omitting
the integration of AT and machine learning as well as the develop-
ment of other forms of quantum imaging for the sections that fol-
low.

Quantum ghost imaging saw its inception in 1995 when
Pittman et al., demonstrated optical imaging by means of two-
photon quantum entanglement.l?] Figure 3 depicts the original
experimental setup employed (left), as well as the coincidence
counts as a function of the coordinates in the transverse plane
of the fiber tip (right). The coincidence counts in the transverse
plane were summed together to reconstruct an image of the aper-
ture placed in the signal arm of the experimental setup. As this
was a proof-of-principle demonstration of two-photon geomet-
ric optics, the lengthy image acquisition times were not con-
sidered. In this experiment, the signal and idler photons that
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Figure 3. Left: A schematic of the experimental setup employed in ref. [2], not drawn to scale. Upper right: Reproduction of the actual aperture placed
in the signal beam. Lower right: Coincidence counts as a function of the fiber tip’s transverse plane coordinates. The data shown is a slice at the half
maximum value, with no image enhancement. Reproduced with permission.[?]

emerge from the SPDC process, occurring within a non-linear
crystal (NLC), are spatially separated so that coincidence detec-
tions may be performed. Importantly, the photon counting de-
tectors are distant, which warrants the use of the phrase “spooky
action at a distance”.['l In the experiment initiated by Pittman
et al., an aperture with the letters UMBC (as shown in Figure 3)
was placed in front of one of the detectors and illuminated by
the signal photons passing through a convex lens.?! The other
detector was placed at a distance prescribed by the two-photon
Gaussian thin lens equation, which was subsequently scanned in
the transverse plane of the idler photons. A sharp magnified im-
age of the aperture was obtained and observed in the coincidence
counting rate while the single photon counting rates remained
constant, this is shown in Figure 3 (bottom right). Significantly,
this experiment realized a quantum two-photon geometric effect
for the first time. At this point in time while the classical theory of
imaging was well established, this experiment successfully per-
formed optical imaging by means of a quantum entangled source
for the very first time.[?!

Ghost imaging has seen significant growth and develop-
ment in the past two decades ranging from the development
and advancement of computational and compressive ghost
imaging>>12%9-51 to single-pixel imaging techniques®*>* in
both the quantum and classical domains. Compressive sensing
is an area of great interest within the imaging space as it re-
quires significantly less sampling data than necessary under the
Nyquist-Shannon criterion.l>>>7! Shapirol'!l and Duarte et al.,l*8!
were the first to introduce binary pattern masks as the scanning
method to image amplitude objects in a ghost imaging configura-
tion. Subsequently, the imaging of phase-only objects in a ghost
imaging configuration is non-trivial and has progressed much
slower than the growth and development of quantum imaging of
amplitude-only objects.

2.1. Beyond Position Correlations

Since the seminal work by Pittman et al., many manifestations
of ghost imaging have been realized, here we delve into a few

Laser Photonics Rev. 2024, 18, 2300939 2300939 (4 of 30)

approaches that stand out in path towards imaging with a sin-
gle photon of light. Notably, there were many groundbreaking
advances such as momentum correlated ghost imaging first re-
alized by Howell and co-workers!®! where the EPR paradox was
demonstrated using both position- and momentum-entangled
photon pairs. It was found that both position and momentum
correlations generated by spontaneous parametric downconver-
sion were strong enough to allow for either the position or mo-
mentum of a photon to be inferred from that of its twin correlated
photon.[®] A position-momentum realization of the EPR paradox
using direct detection in both the near and far fields of the en-
tangled photon source was reported by Howell and colleagues,
paving the way for both near and far field quantum imaging. In
2014, Aspden and colleagues presented an experimental demon-
stration of the Klyshko advanced-wave picture in both the near
and far fields, coincidence imaging was also demonstrated with
both position- and momentum-correlated photons (both the near
and far fields) in comparison to the Klyshko advanced-wave pic-
ture where the equivalence between the spatial distributions in
both sets of data was demonstrated.l*! The Klyshko advanced-
wave picture can be understood as an effect that corresponds
to classical diffraction, where one coherent mode is needed
for illumination of the object in order to generate a diffraction
pattern.['’] In 2009 Jack et al., proposed a holographic approach
to quantum ghost imaging where phase filters were used in lieu
of binary patterned masks.l”! The experimental setup is shown
in Figure 4 (left), and is similar to that shown in Figure 3, how-
ever light modulating devices known as spatial light modulators
(SLMs) have been incorporated into the experimental setup for
ease of access to phase filters and speed of either a dynamic phase
filter, stepping through the object or imaging various phase ob-
jects. In ref. [7] edge enhancement techniques were applied to
quantum ghost imaging to demonstrate that a phase filter can
lead to enhanced coincidence images. The high contrast images
which were obtained and are shown in Figure 4 (right) are in-
terpreted as a violation of the Bell inequality and demonstrates
the quantum nature of ghost imaging.””) Jack et al., successfully
demonstrated both theoretically and experimentally that holo-
graphic ghost imaging setups have the ability to violate the Bell
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Figure 4. Left: Experimental setup. The phase object is stepped across the beam and imaged onto the single-mode fiber. At each position the local
form of the object can be treated as a simple phase step of appropriate orientation and coincidence measurements are made for different reference
holograms. Right: Results a) Phase object. b) Single channel counts from the object detector. c—f) Coincidence images of the phase object shown in (a),

using reference holograms shown in insets. Reproduced with permission.!’]
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Figure 5. Examples of a quantum imaging ghost image reconstruction utilising two-dimensional random binary pattern masks (upper panel) and two-
dimensional Walsh—-Hadamard masks (lower panel) instead of raster scanning.

inequality which provided evidence for the presence of quan-
tum correlations in this particular ghost imaging process.””! Al-
though this technique was demonstrated with phase filters, the
object was stepped through to determine the coincidence counts,
which is indicative of a raster type scan as demonstrated in
refs. [2, 48, 60].

2.2. Single Pixel and Compressive Approaches

Raster scanning was already well known at the time as a cheap
and simple scanning method by a single-pixel detector to acquire
the image in quantum ghost imaging.>*”*8] However, to acquire
high resolution images with a high signal-to-noise ratio long
integration times are necessary.®'%2l In 2011, in the pursuit
of resource-efficient quantum ghost imaging Zerom et al., ac-
cordingly introduced compressive sensing to quantum imaging,
utilizing entangled photons for the purpose of imaging.[®!] At the
time of introduction to quantum imaging, compressive sensing
was already successfully applied to seminal work in quantum
state tomography!®*] and quantum process tomographyl®! in an
effort to reduce the sampling data. Among the first to employ
deterministic modulation, or what is better known as a basis
scan (in lieu of the single-pixel scanning detector), to ghost
imaging were Shapiro et al.,[!!l and Duarte et al.,[*®! where 2D

Laser Photonics Rev. 2024, 18, 2300939 2300939 (5 of 30)

random binary patterns were utilized. An example of the 2D
random binary patterned masks is shown in the upper panel
of Figure 5, while computational ghost imaging employs these
patterns to project binary intensity patterns of modulated light
onto the object for imaging purposes, quantum ghost imaging
using compressive sensing employs these patterned masks as a
basis scan. The photons are projected onto patterned masks that
are then weighted by a factor determined by the measured coin-
cidences between the signal and idler photons. Summation over
these weighted projective masks then allows for reconstruction
of an image of the object.

Random patterns, as shown in the upper panel of Figure 5,
since they are not correlated to each other form an over-complete
set with randomly distributed binary pixels that are either turned
on or off."!l The random masks form a pseudo-complete set and
therefore it is commonly known that approximately twice the
amount of random masks are required for a fully general image
solution. In the random basis, for a fully general image solution,
2N? masks are required. Figure 5 (upper panel) shows examples
of the random patterned mask types. A drawback is that a large
number of these patterned masks are required (2N? or more,
where N x N is the number of pixels in the image and subse-
quently the number of pixels in each projective mask) to recon-
struct an image that is noisy and therefore of poor quality.>*! Im-
portantly random patterns do not constitute a complete spatial
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Figure 6. Left: A schematic of the compressive quantum ghost imaging experimental setup. The inset shows the corresponding Klyshko advanced wave
picture. Right: Calculated signal-to-noise ratio of the reconstructed ghost images of the UR logo (dots) and ¥ (diamonds) as functions of the number
of measurements M with the reconstructed images for the maximum number of measurements shown as insets. Reproduced with permission.[®]

basis as the patterns are non-orthogonal, therefore many more
measurements are required for a general image solution.

Compressive sensing is a signal processing technique that al-
lows the reconstruction of sparse or compressible signals from
a small number of measurements. The seminal work by Can-
dés and co-workers introduced the theoretical framework of com-
pressive sensing,[® in this work the conditions under which per-
fect signal recovery is possible from sub-Nyquist sampling rates
were established.[®] Compressive sensing provides an alternative
method to Nyquist-Shannon sampling theory,[® by leveraging
prior knowledge that signals are often sparse or can be repre-
sented using a sparse basis.[*’] The theory of compressive sens-
ing has gained significant attention and has been widely applied
in various fields, including image processing, signal processing,
data acquisition, and application spanning to rapid magnetic res-
onance imaging.[%]

A schematic diagram of the experimental setup implemented
for compressive quantum ghost imaging, by Zerom et al., is
shown in Figure 6 (left). A SLM and a bucket detector replace
the single-pixel scanning detector required for a raster scan. This
substitution was a pivotal point for quantum ghost imaging as
this was when quantum ghost imaging moved from the ineffi-
cient and lengthy raster scanning technique requiring long inte-
gration times to a condensed integration time two-dimensional
scanning method. The inset of Figure 6 (left) shows the corre-
sponding Klyshko advanced wave picture.[?] For a good prac-
tical understanding of Klyshko’s advanced wave picture, Asp-
den and co-workers demonstrated an experimental realization of
Klyshko’s advanced wave picture in 2014.57

In ref. [61] the phase-only SLM (as utilized in Figure 4, ref. [7])
was adapted to function as an amplitude-only SLM. The raster
scanning technique, as demonstrated in ref. [2], requires approx-
imately 2.6 x 10'° photons to reconstruct a 128 x 128 pixel image.
Through the use of the compressive sensing technique demon-
strated in ref. [61], this number was reduced an estimated to 1.4 X
107 photons for an image of the same resolution. Employing the
use of random masks leads to oversampling the object to fully re-
construct a general image solution. Orthogonal bases are there-
fore the bases of choice which avoids oversampling leading to
Dbetter time-efficiency in quantum ghost imaging.
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The Walsh-Hadamard basis is one such orthogonal basis
where each element is generated from the Hadamard matrix
of specific order N when the number of pixels making up the
image is N%. The Hadamard transform is commonly used for
recording spatial frequencies,!”%’!! or for multiplexing the direc-
tion of the illumination of an object.l’?73 The Walsh-Hadamard
patterns are orthogonal and derived from the Hadamard matrix.
Walsh-Hadamard projective masks are generated by extracting
the Walsh functions from the Hadamard matrix of order N. By
performing the outer product between columns of a Hadamard
matrix of order N, the result is a complete set of N? Walsh-
Hadamard projective masks of N x N pixel resolution. Walsh—
Hadamard projective masks are orthogonal to each other.*®
Choosing the order of the Hadamard matrix will therefore re-
sult in the corresponding mask resolution. The added advantage
to employing the Walsh-Hadamard basis as the patterned pro-
jective masks to spatially resolve the signal photon is that it is
an orthogonal basis and will result in a general image solution.
An orthogonal basis set of patterned projective masks systemati-
cally samples the object and an image is acquired in N? measure-
ments, for a N X N pixel general image solution.

The mask resolution, independent of the type of mask chosen
to spatially resolve the signal photons, will determine the reso-
lution at which the object will be imaged. A higher resolution
results in a larger number of basis elements and therefore an
increased number of masks is needed to reconstruct the image.
Increasing the resolution has direct consequences on the recon-
struction time, the number of Walsh-Hadamard masks required
to form a complete set scales as N2. Specifically for a complete or
general image solution, in the Walsh-Hadamard basis, N? masks
are required. Examples of Walsh-Hadamard masks are shown in
the lower panel of Figure 5.

The use of Walsh-Hadamard and random masks in quantum
ghost imaging marked another pivotal point in ghost imaging
history. This brought forth the introduction of all-digital quan-
tum ghost imaging utilizing light modulating devices such as
SLMs for both the object and the basis scan. Figure 7 left shows
a schematic of an all-digital quantum ghost imaging setup. Im-
portant to note are the differences between this setup and that
shown in Figure 3. While the main components and layout of a
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Figure 7. Left: Schematic of the implemented optical setup. Bi-photons produced at a non-linear crystal are spatially separated and imaged onto two
SLMs. Coincidences between the two paths are then measured by coupling each beam to a multi-mode fibre connected to avalanche photo-diodes and
using a photon counter. Right: Examples of patterns used, and raw, binarized reconstructed images for pattern resolutions of a) 16 X 16 px, and b) 48
x 48 px. Insets in each image correspond to the simulated reconstructed image. Reproduced with permission.[6?]

quantum ghost imaging setup have remained constant through
time, experimental setups have evolved to employ SLMs and
bucket detectors as a spatial resolution detector. The spatial reso-
lution detector can mimic that of a single-pixel scanning detector,
but more efficiently two-dimensional patterned masks are used
to detect the position of the signal photons. As shown in Figure 7
(left), Walsh-Hadamard masks outperform random masks both
in terms of resolving capability (reconstructed images are clearer)
and efficiency (less Walsh-Hadamard masks are required for im-
age reconstruction).

In recent years, there have been advancements in experimen-
tal setups for quantum ghost imaging, particularly with the in-
corporation of spatial light modulators (SLMs) and other light
modulating devices. These advancements have enabled spatial
resolution of the idler photon, thus enhancing the imaging ca-
pabilities of the system. Despite these technological develop-
ments, the fundamental components and layout of the experi-
mental setup for quantum ghost imaging have remained largely
unchanged. These experimental advancements propel us for-
ward to specialized optical advancements in quantum ghost
imaging.

2.3. Camera-Based Advances

Traditionally, quantum ghost imaging systems have previously
consisted of a spatially resolving detector that is a scanning
single-pixel detector or comprises patterned masks. In parallel,
the field of single-pixel imaging has seen immense growth within
the last two decades.’+7¢l Basing the system on a single scan-
ning detector imposes a fundamental limit on the detection ef-
ficiency of the system to 1/N where N is the number of pixels
in the image. To overcome this limitation a detector array was
used to increase the detection efficiency, this enabled the acquisi-
tion of images while illuminating the sample with N-times fewer
photons.l””] This work has shown that not only can the photon
count per pixel be reduced, but the quantum correlations allow
the background noise to suppressed for high signal-to-noise im-
ages with just a few signal photons, a feat shown not to be pos-
sible with a classical analogue (reducing the noise by further gat-
ing or pulsing concomitantly reduces the signal). This marked
a another pivotal point in the history of quantum ghost imag-
ing, where employing detector arrays with single-photon sensi-
tivity transformed quantum imaging marking a significant step
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towards biological imaging or where reducing photon flux pre-
vents sample damage.[78-80]

The camera-enabled, time-gated system implemented by Mor-
ris et al., used the detection of one of the photons (known as the
heralding photon) to trigger the detection of the twin position-
correlated photon by an intensified CCD camera (ICCD).[””) The
heralding nature of this imaging system allowed for the ability
to count the number of single photons present in each image
that was recorded. Images were acquired through three differ-
ent system configurations as illustrated in Figure 8. In the quan-
tum ghost imaging configuration (GI) the object is placed in the
heralding arm or the arm without a camera or spatial resolution
detector. An image is formed despite none of the imaging pho-
tons having interacted with the object. In the heralded imaging
(HI) configuration the object is placed in the arm of the spatial
resolution detector, the spatial resolution detector (or camera) is
triggered for each detected single photon but the image is formed
by only correlated photons that pass through the object. Compar-
atively, direct imaging (DI) is when the camera is triggered by an
internal trigger mechanism and the image is formed by the sub-
set of photons that pass through the object and arrive at the cam-
era during the camera trigger window. These imaging systems
are illustrated from the top to the bottom of Figure 8, respectively.
The images acquired from all three imaging configurations are
shown in Figure 9, respectively. Importantly, Morris et al., devel-
oped a low-light imaging technique employing a camera-enabled,
time-gated imaging system. The natural sparsity in the spatial fre-
quency domain of typical images was exploited and it was shown
that it is possible to retrieve a target image with approximately
7000 detected photons, leading to an average photon-per-pixel ra-
tio of 0.45.77]

Morris and colleagues developed a low-light level imaging
technique employing a single-photon sensitive time-gated cam-
era system.l””] The nature sparsity in the spatial frequency do-
main of images was exploited along with the Poissonian nature
of the acquired data to apply image enhancement techniques that
subjectively improved the image quality.””] Figure 9 shows the
images that were acquired using each of the systems shown in
Figure 8. For both the ghost- and heralded-imaging configura-
tions a clear image of the test target was obtained with a contrast
of 0.7.”7] By comparison, when using the direct imaging config-
uration, only a very faint image of the object was obtained with
a contrast of 0.2. Notably, although the total number of image
photons were similar for both the ghost and heralded imaging
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Figure 8. Various imaging configurations. Top: Ghost imaging (Gl) con-
figuration - the object is placed in the heralding arm and the camera is
triggered by each photon detected at the heralding detector or avalanche
photo-diode. Middle: Heralded imaging (HI) configuration - the object is
placed in the camera arm and the camera is triggered by each photon de-
tection at the heralding detector. Bottom: Direct imaging (DI) configura-
tion - the object is placed in the camera arm but the camera is triggered by
an internal trigger mechanism, with the same trigger rate as the number
of singles detected at the counter in the heralding arm.

configurations, the image of ghost imaging configuration was ob-
tained with fewer triggers than the heralded configuration. This
type of difference arises, although the photon pair generation in
each imaging type was the same, when the partially transmit-
ting object was placed in the heralding arm the trigger rate was
reduced in proportion to the transmission of the object.l””! For
higher flux rates, the ghost imaging configuration proved to be
beneficial as it made a lower demand on the ICCD camera.

The authors worked to reduced the number of photons re-
quired to form an image.l”’! Typically 10 000 photons per pixel
are required for a conventional imaging system, however, when
an image is sparse in a chosen basis, it is possible to implement
compressive techniques to store or even reconstruct the image
from far fewer measurements.l>’#182] This use of compressive
techniques in a quantum imaging system have allowed for an
image to be reconstructed using single-pixel detectors and far
fewer samples than required by the Nyquist limit, albeit while
still requiring many photons per pixel.”¢!l Even with the longer
acquisition times reported by Morris et. al. the images have very
small numbers of detected photons per pixel (<20). Although the
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arm and the camera is internally triggered. It can be seen that a clear image with high contrast is obtained in both the Gl and HI configurations, while the random nature of the detection mechanism
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signal-to-background ratio of these images was high, the signal-
to-noise ratio was not.””] However, the noise contributions in the
reconstructed images were well-defined both in terms of the Pois-
sonian characteristics of photon counting and a known rate of
noise events.”’]

Single-photon sensitive time-tagging cameras marked another
milestone for quantum imaging enhancements. These cameras
are capable of resolving the number of individual photons in
each pixel of the detector array. The single-photon camera can
be used to detect single photons and resolve the number of pho-
tons in each pixel of the detector array which is advantageous in
the recording of quantum imaging data.l®}! A single-photon sen-
sitive camera can distinguish between a two-photon event and a
one-photon event, which enabled an increased amount of infor-
mation to be extracted from experimental data and improve the
efficiency of quantum imaging systems.**] Additionally single-
photon sensitive cameras have the potential to improve the ef-
ficiency of quantum imaging systems and expand the applica-
tions of quantum imaging.[®3-#5] Extracting as much information
as possible about an object when probing with a limited number
of photons is an important goal. As is a sub-theme of this review
imaging with a few photons is a challenging task as the detector
noise and stray light are predominant, which precludes the use of
conventional imaging methods. Quantum correlations between
photon pairs have been exploited in a heralded imaging scheme
to eliminate this problem.””] However these implementations
have so-far been limited to intensity imaging and the crucial
phase information is lost in these methods. A novel quantum-
correlation enabled Fourier ptychography technique(for a full re-
view on ptychography see ref. [86]) was implemented by Aidukas
et. al.l¥’] The authors captured high-resolution amplitude and
phase images with only a few photons. Notably, this demonstra-
tion of phase and amplitude imaging presented a low efficiency
in terms of photons detected compared to the number of pho-
tons that illuminated the object (about 1%).*”] This was enabled
by the heralding of single photons combined with Fourier ptycho-
graphic reconstruction employing an ICCD single-photon sensi-
tive camera.[®’]

2.4. Holographic Quantum Imaging

An essential tool of modern optics, in the reconstruction of
phase objects, is holography.[®¥! Holography comprises the ori-
gin of many applications such as microscopic imaging,®! optical
security!®! and data storage.®!l Holography is traditionally based
on the classical interference of light waves, however the quan-
tum properties of light have inspired a range of imaging modal-
ities employing entanglement,!*! and including interaction-free
imaging,?”! induced-coherence imaging,'®! sensitivity-enhanced
imaging,l’8°2] and super-resolution imaging protocols.[®*** Spe-
cializing in the non-classical realm, non-classical sources are able
to produce holograms!®>®l which has been observed with both
single photons!®’] and photon pairs.[8]

In 2021, Defienne and colleagues introduced and demon-
strated a holographic imaging concept that relies on quantum
entanglement to carry and relay the image information.[*] A
key component in holography is the coherence required to ex-
tract phase information via interference with a reference beam.
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However, a holographic imaging approach was introduced by
Defienne and colleagues that operates on first-order incoherent
and unpolarized beams, so that no phase information can be ex-
tracted from a classical interference measurement.?) Instead,
the holographic information was encoded in the second-order co-
herence of entangled states of light. Using spatial-polarization
hyper-entangled photon pairs phase images were remotely re-
constructed. Specifically phase images were encoded in polariza-
tion hyper-entangled photons and were retrieved through spatial
intensity correlation measurements, specifically through pho-
ton coincidence counting. The quantum holographic scheme,
implemented by Defienne et al. ! has several distinguishing
features: the holography is based on remote interference be-
tween two distant photons, this removes the traditional path over-
lap requirement between the illumination and reference pho-
tons, a subspace for encoding the phase information was em-
ployed that is robust against dephasing decoherence such as
the presence of dynamic random phase disorder on the imag-
ing paths, reliance on the quantum approach provided an im-
munity to classical noise, the spatial entanglement enhanced
the spatial resolution by almost 2x in comparison to classical
holography.

Figure 10a illustrates the arrangement of the quantum holo-
graphic scheme employed in ref. [99]. In the holographic recon-
struction step of the process, Bob decodes the image by perform-
ing intensity correlation measurements between pixels at k of his
camera and symmetric pixels at —k on Alice’s camera ¥, with
the two polarizers oriented at 45°. This measurement is repeated
four times for four different constant phase shifts 6 applied on
Bob’s SLM, resulting in intensity correlation image R,(k) o< 1 +
cos (0, (k) + 0). Details of this implementation are contained in
ref. [99]. Figure 10b shows the object that was employed which
is a phase only object, the letters “U” and “o” are encoded as
the polarization states |VV) + |HH)(¥ = 0), while the letters “f”
and “G” areencoded as | VV) — |HH)(¥ = x). Figure 10c,d shows
the intensity images measured by each arm of the experimental
setup, respectively. These intensity images are homogeneous and
do not reveal the phase-encoded image. Figure 10e displays the
phase mask that was used to compensate for any phase distor-
tion. In Figure 10fi, there are the four necessary intensity corre-
lation images that are measured for 6 € {0, z/2, , 37 /2}, each of
which partially reconstruct the phase image. Similarly to classical
holography, the phase image is reconstructed by:

¢ =arg [Io -+ i(In/z - Izn/z)] (7)

after replacing I, by R,. Accordingly, the combination of a highly
multi-mode quantum state with a camera-based multi-pixel coin-
cidence counting approach as implemented in ref. [99] removes
the need for operating raster-scanning approaches, as in the
NOON:-state entanglement-enhanced microscope.[®)] Defienne
et al. showed that it was possible to perform holography with-
out (first order) coherence. NOON-states are explained further in
Section 2.6. Importantly, this lead to quantum holographic imag-
ing achieved for the first time.[*"]

Despite the advances towards current state of the art, it can
be seen that optical phase imaging has progressed much more
slowly even though the applications of quantum phase imag-
ing span various fields such as biological,l’”:1%] materials,[1?1:102]
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Figure 10. Schematic of the quantum holographic reconstruction. a) Space-polarization hyper-entangled photon pairs propagate through two SLMs
(Alice SLM and Bob SLM) and are detected by two EMCCD cameras (Alice EMCCD and Bob EMCCD). b) Phase image displayed on Alice SLM. Intensity
images measured by Alice (c) and Bob (d) on their cameras. e) The SLM pattern displayed on Bob SLM to compensate for the static phase distortion.
f—i) Intensity correlation images measured by Bob for different constant phase shifts programmed on Bob SLM: 40 (f), +7/2 (g), +7 (h) and +37/2 (i).
Each image is obtained by measuring intensity correlations between Bob camera pixels k and their symmetric pixels on Alice camera. j) Phase image

reconstructed by Bob. Reproduced with permission.[*°]

and communicating with quantum images.[1] While classical
holography techniques have been very successful in diverse ar-
eas such as microscopy, manufacturing technology, and basic
science. There still remains constraints on detection for wave-
lengths outside the visible range which in turn restricts the ap-
plications for imaging and sensing. To overcome these detection
limitations, Topfer et. al. implemented phase-shifting hologra-
phy with non-classical states of light, where quantum interfer-
ence was exploited between two-photon probability amplitudes
in a non-linear interferometer.['% It was demonstrated that this
technique allows for retrieving the spatial shape (amplitude and
phase) of the photons transmitted or reflected from the object
thereby obtaining an image of the object.l'®l In 2023, Sephton
and colleagues developed a method employing traditional imag-
ing masks already employed in ghost imaging setups to retrieve
complex phase and amplitude information.'® The authors in-
troduced a novel approach that leveraged correlations in single-
pixel environments for these measurements. Traditional masks,
like the Hadamard masks, were shown to provide phase infor-
mation naturally. By modifying the mask construction, a new
method was developed that reconstructs full complex amplitude
images with just one additional measurement per mask.!!%°]
The approach introduced by Sephton et. al. replaces the
need for physical interferometry through the use of scanning
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masks encoded on spatial light modulators, making it sim-
pler and more accessible to retrive phase and complex am-
plitude images.'%! Figure 11 illustratively compares the nu-
merical simulations (Sim) with the experimentally (Exp) re-
constructed phase only objects, insets show both the experi-
mentally reconstructed cosine and sine projections.['®] Apart
from noise distortion, good visual agreement between the nu-
merical simulation and the reconstructed experimental images
was shown in the upper panel of Figure 11. Noise was sup-
pressed in the region where there is no signal which is il-
lustrated by the dashed white circle.'®] The bottom panel of
Figure 11 shows the reconstruction of a complex amplitude ob-
ject as well as a 3D reconstruction of the phase and amplitude
image.

The authors showed that this technique demonstrates the
ability to visualize detailed phase objects without physical ad-
justments, enhancing the capabilities of quantum imaging
setups.['%] This method is advantageous to reconstruct high res-
olution images at low flux rates and may therefore be suitable
for imaging biological samples using entangled photons, to avoid
photo-damage. The study concludes that this digital approach en-
ables both amplitude and phase retrieval without complex tech-
niques, holding promise for quantum and biomedical imaging
applications.[1%]
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Figure 11. Upper panel: Numerical simulations (Sim) showing excellent
agreement with the experimental reconstructions (Exp) for the z-phase
slit and the azimuthal gradient ring using Walsh-Hadamard masks. The
outer area of the dashed white circle indicates the region in which noise
was suppressed due to lack of SPDC signal. Insets show the corresponding
cosine and sine components of the experimental reconstructions. Lower
panel: Experimental ghost image of a a) pure phase and b) complex ampli-
tude gradient spiral flower using Walsh—-Hadamard masks. The full phase
profile was denoised after reconstruction by image processing tools and
contrast adjustment. The cosine (middle) and sine (right) components are
shown for completeness in (a). The complex amplitude object (left) was
reconstructed to give phase (middle) and threshold amplitude (right) in
(b). Three-dimensional renders of the raw reconstruction data are shown
below. Reproduced with permission.[10°]

2.5. Quantum Imaging and HOM Interference

In parallel, the key signature of the Hong—Ou-Mandel (HOM)
effect is the bunching of indistinguishable photons at the out-
puts of a beamsplitter.'%! Since the first demonstration,!'%!
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the HOM effect has found several applications spanning many
different fields of quantum optics such as quantum state
engineering,[1”1%] quantum information processing,!'*1% and
quantum metrology.[''112] In the context of quantum imaging,
the HOM effect has been employed to engineer quantum states
through post-selection and multi-photon imaging.''3114 As is
well-known, a limitation of quantum imaging is the require-
ment that the image is reconstructed one spatial mode at a time.
To overcome this limitation modern scientific cameras, such as
single-photon cameras, have seen significant growth.'>17115) In
the pioneering work done by Ndagano et al., a full-field scan-
free quantum imaging technique enabled by HOM interference
was demonstrated.['') This imaging protocol leverages the fact
that group-velocity delays along the rising (or falling) edge of
the HOM interference signal have a 1:1 mapping to the coinci-
dence rate.

The idea of the HOM imaging technique is illustrated on the
left of Figure 12. The paths of two distinguishable photons are
overlapped onto a 50/50 beamsplitter. The signal photon trav-
els through a sample with varying thickness and the idler pho-
ton does not interact with the sample. The signal photon incurs
different group-velocity delays, leading to different arrival times
with respect to the idler photon on a matching trajectory.['1¢117]
Coincidence detections on the outputs of the beamplitter will
show that the two-photon interference signals are shifted with re-
spect to each other.'!! Through the recorded coincidence rates
a contrast image of the sample was obtained. The layout of the
HOM imaging system is shown in Figure 12. The two outputs
from the beamsplitter are shown in the left panel of Figure 12(b),
where pixel positions A (B) and A’ (B’) map to photon paths in the
two outputs of the beamsplitter. In the event of bunching, pairs of
photons would be detected at either A (B) or A’ (B’). Meanwhile,
in the event of anti-bunching, one photon in a pair would be de-
tected at A (B) and the other at A’ (B’). By applying a x rotation
on one of the output arms, it was noted that the spatially corre-
lated pair detection indicates bunching, whereas spatially anti-
correlated pair detection indicates anti-bunching.['!’]

The surface of a micro-structured transparent sample was im-
aged, where letters “UofG” were etched to a depth of 8.45 pm
on a glass substrate. Imaging was achieved by resolving HOM
interference in space and time by the use of a single-photon
avalanche diode (SPAD) camera. A sketch of the sample, the
corresponding direct intensity image, and the reconstructed im-
age are shown to the right of Figure 12. The direct intensity im-
age confirmed that losses through the sample are negligible and
no first order diffraction of the image was observed.!''®!77] The
HOM image was instead reconstructed from an average over a
set of 250 million intensity images from the second order correla-
tions. To achieve this, the interferometer delay stage was adjusted
such that photons going through the non-etched part of the glass
showed partial destructive HOM interference; this delay corre-
sponds to a location along the falling edge of HOM dip.[''®! There-
fore, photons that went through the sample travelled through less
glass, leading to a different spatial delay that mapped to a higher
number of coincidences at the spatial locations of the etched let-
ters.

HOM interference was used in full-field imaging to directly
retrieve spatially resolve depth profiles of transparent samples.
Importantly, access to both bunching and anti-bunching images
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Figure 12. Left: Hong-Ou—Mandel imaging setup. A collimated pump beam from a 347 nm pulsed laser with a 100 MHz repetition rate is focused into
a BBO crystal where photons pairs are generated through a type-I SPDC. Signal and idler photons are separated in the far field of the BBO crystal using a
D-shaped mirror (DM). The signal photon is sent through a delay line where the optical path can be adjusted using a motorized stage with a 1 um step
size. b) Intensity image acquired by the SPAD camera, where spatial positions A (B) and A’ (B’) map to photon paths from the two output ports of the
BS. c) A 7 rotation was applied to one-half of the image (enclosed in the green box) such that the measured signal and idler photons A (B) and A’ (B’),
respectively, are spatially anti-correlated. Right: a) Sketch of the sample. b) Direct intensity image of the down-converted light onto the SPAD camera. c)

Reconstructed image. Reproduced with permission.[116:117]

can be used to also assess losses and, in turn, reduce the noise
variance in the images.['"”] In terms of number of photons, on
average coincidence values were of the order of 1 Hz for each
pixel, which at 60 000 frames per second implies roughly only
one frame in every 60 frames detected an actual photon pair. If
the photon detection probability of the camera (80% fill factor and
6% quantum efficiency) were considered, this corresponded to
an actual average photon-pair flux in the interferometer of ~ 400
photon pairs per second at each pixel or ~7 photon pairs per
frame.[''”] Despite the low levels of photons, the authors were
able to retrieve clear images with a micrometer precision level
in the depth measurements. Next-generation SPAD cameras can
operate at ~50 MHz rates!!'®!1] and have been used to increase
the video frame rate. An increase in count rates would also al-
low to apply high-precision HOM sensing approaches with 10—
100 nm sensitivity and competing with classical interferometric
approaches.[117]

2.6. Toward Quantum Microscopy

As stated quantum imaging is a constantly evolving field that
capitalizes on the unique principles of quantum mechanics to
adapt conventional imaging techniques to the quantum realm.
Quantum imaging advancements have emerged with the aim
of addressing the various challenges currently associated with
the technique. Among these advances in quantum imaging lies
quantum metrology where more precise measurements, than
those achieved classically, are realized.'°! Entanglement of N
particles is used to measure a phase with A¢ = 1/N which
is known as the Heisenberg limit. Entanglement-enhanced
metrology was additionally demonstrated as an organic step
towards imaging biological samples with quantum sources of
light.127123] Accordingly, it was pertinent to demonstrate an
entanglement-enhanced microscope as shown in ref. [93]. In
quantum optics, a NOON state is a quantum state of a system
composed of N identical photons in a superposition of two dis-
tinct states. A photonic NOON state is generally a two-mode en-
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tangled state, with all N photons in one mode or the other and
can be expressed as:

INOON) = %(IN, 0)ap + 10, N),;) ®)

where a and b represent two optical modes. In different detec-
tion schemes, the optical modes can be represented by polariza-
tion states, OAM modes, or propagation paths. A NOON state is
a coherent superposition of having N particles in one state and N
particles in the orthogonal state, with constant amplitude. NOON
states have gained popularity due to the interference characteris-
tics which exhibit a phase sensitivity scaling 1/N (Heisenberg
scaling),1?#125] this is a significant improvement in comparison
to classical interferometry and facilitates the application to vari-
ous types of quantum imaging.[126-128] Although known to be ad-
vantageous in metrology, the creation of NOON states for prac-
tical deployment is challenging. Simple beam splitters will pro-
duce N = 2,but more exotic techniques are needed to move be-
yond this, for instance, interference with quantum and classical
light!!?] has reached N = 5. Presently there are no general and
deterministic approaches for arbitrary N with 0 photons in the
other paths,['3% while even ideal NOON states are very sensitive
to noise (photon addition) and photon loss.

In 2013 Ono and co-workers demonstrated an entanglement-
enhanced microscope employing the highly coveted NOON
states represented by polarization states.®’] Multi-photon quan-
tum interference was utilized consisting of a quantum superpo-
sition of states with N photons in the H polarization mode and
N photons in the V polarization mode. Characteristically, the po-
larization modes are orthogonal to each other. The experimental
setup that was employed is shown in the left panel of Figure 13.
A confocal-type differential interference contrast microscope was
equipped with an entangled-photon source used to probe the
sample. Images of the sample are shown in the right panel of
Figure 13, the sample was a glass plate where a Q shape was
carved on the surface with an ultra-thin step of 17 nm. The image
of the glass plate is obtained with better visibility than a classical
light source, the results of which are presented in the right panel
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Figure 13. Left: Illlustration of an entanglement-enhanced microscope. The red and blue lines indicate the horizontally and vertically polarized light,
respectively. Right: Results. The image of the sample using an entanglement-enhanced microscope where a two-photon entangled state is used to illu-
minate the sample (upper left). The image of the sample using single photons (a classical light source - upper right).The corresponding one-dimensional
fine scan data for the area outlined in red. Solid lines are theoretical fitting curves. Reproduced with permission.[®3]

of Figure 13. An improved signal-to-noise ratio of 1.35 + 0.12
is achieved and consistent with the predicted value. While this
is not strictly quantum ghost imaging, this is a significant step
towards entanglement-enhanced microscopy to image biologi-
cal samples. The NOON state is relevant in quantum optics and
imaging due to the potential of it’s applications in high-precision
measurements and imaging techniques.'*) The NOON offers
advantages in quantum interferometry, where the phase sensi-
tivity scales with N2, providing enhanced precision compared to
classical strategies that scale with N. This property is valuable in
various applications, such as gravitational wave detection, quan-
tum metrology, and quantum lithography.['?*] Taylor and Bowen
provide a comprehensive review on quantum metrology and its
application to biological tissue.l!3!]

2.7. Teleportation and Entanglement Swapped Imaging

Although applications in quantum ghost imaging are not cur-
rently common practise, the technique of entanglement swap-
ping is pertinent to long distance image transfers across a quan-
tum network. Figure 14 illustrates the differences between quan-
tum ghost imaging and entanglement swapped quantum ghost
imaging. In entanglement swapped quantum ghost imaging two
pairs of entangled photons are generated separately and sub-
sequently brought into a joint entangled state through a Bell
state measurement,!32133] typically with a beamsplitter. Entan-
glement swapping generates correlations between systems that
have not interacted!**! and can be observed in many degrees of
freedom, examples include polarization(!**! and orbital angular
momentum.[13¢]

The first entanglement swapped ghost imaging used a four-
photon set-up, as shown in the lower panel of Figure 14, to es-
tablish an object in arm A and an image in arm D, even though
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Figure 14. Upper panel: Two- and four-photon ghost imaging, using en-
tangled photon pairs. Two-photon ghost imaging using photon pairs gen-
erated by parametric down-conversion. Lower panel: Four-photon ghost
imaging showing contrast inversion. In the four-photon case, two pairs of
photons are generated in two independent parametric down-conversion
processes. The state of the photons A and D becomes entangled when
photons B and C undergo a Bell-state measurement. Contrast reversal of
the object is observed when photons B and C are projected onto the anti-
symmetric state. Reproduced with permission.['13]

initially these were independent photons with no correlations.
A major discovery was that by projecting onto the antisymmet-
ric state at the beamsplitter, the resulting image was contrast-
inverted with respect to the object.'"3] This study constitutes the
first experimental implementation of ghost imaging using non-
interacting photons that were initially independent, and the first
observed ghost imaging using entanglement swapping. What
the study also showed is that to teleport an image would re-
quire many extra entangled pairs of photons, similar to the num-
ber of pixels to be teleported. Using the four-photon entangle-
ment swapped set-up, only a two pixel image could be teleported
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with high fidelity. Recently a new approach to transporting im-
ages with high contrast has been demonstrated,[”138] enabled
by nonlinear optics in the detection. This is an exciting avenue to
explore in regards to teleporting images across a network.

Quantum imaging with undetected photons was introduced
and demonstrated based on induced coherence without induced
emission by Lemos et. al. in 2014.1'8] The experiment used two
separate downconversion non-linear crystals where each crystal
was illuminated by the same pump beam generating a pair of en-
tangled photons. When the signal photon from the first photon
pair passes through the object and is overlapped with the idler
photon from the second photon pair, the source of the photon
is then undefined. Interference of the signal amplitudes coming
from the two crystals then reveals the image of the object. The
photons that pass through the imaged object were never detected,
while images are exclusively obtained with the signal photons,
which do not interact with the object."® This experiment was
fundamentally different from previous quantum imaging tech-
niques, such as interaction-free imaging/?° and ghost imaging,
because now the photons used to illuminate the object were not
detected at all and no coincidence detection was necessary. This
enables the probe wavelength to be chosen in a range for which
suitable detectors are not available. To illustrate this technique,
images of objects that are either opaque or invisible to the de-
tected photons were reconstructed. This experiment was a proto-
type in quantum information where knowledge can be extracted
by, and about, a photon that was never detected./*®]

In 2019 a quantum diffraction imaging technique was pro-
posed whereby one photon of the entangled photon pair was
diffracted off a sample and detected in coincidence with its twin.
The image was obtained by scanning the photon that did not in-
teract with the sample.[*! This study in particular showed that
when a dynamic quantum system interacts with an external field,
the phase information of an object is imprinted in the state of a
field in a detectable manner. In the quantum case the source in-
tensity is weak in comparison to that of classical diffraction fur-
ther showing that it was possible to image with weak fields while
providing a high signal-to-noise ratio.”! Importantly, this charac-
teristic avoids damage to delicate and photon sensitive samples,
further paving the way towards a quantum microscope. The pho-
ton that did not interact with the sample revealed the image and
additionally uncovered phase information, similar to that shown
by Dorfman and colleagues also in 2019 for linear diffraction
where heterodyne-like detection of quantum light was achieved
due to vacuum fluctuations of the detector.!*]

Microscopy with mid—infrared illumination holds tremen-
dous promise for a wide range of biomedical and industrial
applications.['*] The primary limitation, however, remains detec-
tion, with current mid-infrared detection technology often marry-
ing inferior technical capabilities with prohibitive costs. In 2020
it was experimentally demonstrated that non-linear interferome-
try with entangled light provided a powerful tool for mid-infrared
microscopy while requiring only near-infrared detection with a
silicon based camera,['*"] while Kviatkovsky et. al. did not har-
ness quantum entanglement, entangled light was used in this.
Wide-field imaging was demonstrated by Kviatkovsky et. al. over
a broad wavelength range covering 3.4 to 4.3 pm while demon-
strating a spatial resolution of 35 pm for images that contained
650 resolved elements. Moreover, it was demonstrated the the

Laser Photonics Rev. 2024, 18, 2300939 2300939 (14 of 30)

www.lpr-journal.org

technique was suitable for acquiring microscopic images of bi-
ological tissue samples in the mid-infrared.['*] These results are
a significant advancement towards quantum microscopy of bio-
logical matter.

2.8. Summary

Although there have been many advances to date which have
pushed the boundaries of quantum ghost imaging, this discipline
is still in it’s infancy. Over the past 7 years, quantum imaging,
quantum ghost imaging and ghost imaging have seen an emer-
gence of Al technologies pivoting this discipline into a “super-
tech” space. The ultimate goal being to apply ghost imaging in
real-time for biological and security purposes.

3. Computational Advances in Imaging

Computational techniques were introduced to overcome ef-
ficiency limitations in ghost imaging.*!l Although these
techniques have been extensively used in classical ghost imag-
ing, their application to quantum ghost imaging is relatively new.
In this section, we offer an introduction to machine learning
and deep learning, while highlighting their distinctions. We
also introduce deep learning algorithms and delve into their
unique characteristics, while showcasing how they apply to
ghost imaging as a whole. Here, we provide an encompassing
view of the computational methods that have expanded the
horizons of ghost imaging in terms of efficiency, enhancement,
and photon utilization.

3.1. Computer Vision Al Architectures

Machine learning is a type of artificial intelligence (Al) that al-
lows a computer system to learn and improve from experience
without explicit programming.['*?] Machine learning involves the
use of algorithms and statistical models to enable computers to
learn from data and to make predictions based on that data.[*}]
Subsequently, deep learning is a subset of machine learning that
employs artificial neural networks to model and solve complex
problems.['** Deep learning involves the use of multiple layers
of interconnected nodes, similar to neurons of the human brain,
to learn and extract features from data.l'>! The predictions or de-
cisions output by the deep learning algorithm are accompanied
by confidence scores which determine how trustworthy the pre-
diction is.[38:39.144.146]

There are, however, several key differences between machine
learning and deep learning that are described in-depth in refs.
[142-145]. Here we provide a brief yet comprehensive descrip-
tion on the key differences. Machine learning algorithms require
structured data while deep learning networks can work with both
structured and unstructured data. Deep learning networks pro-
cess data through several network layers, this allows the networks
to learn a hierarchical representations of the data.3®1%l Feature
extraction is often carried out manually in machine learning. Do-
main experts will select features in the data that are deemed rel-
evant. In deep-learning however feature extraction is an aspect
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feature extraction segment is referred to as the backbone or body of the network. And the classifier is referred to as the head of the network. Reproduced

with permission.[12]

carried out by the neural network which learns to extract use-
ful features from the data it is fed.'*¢] In machine learning the
algorithms typically require fewer computational resources and
time.'¥18] Deep learning algorithms are computationally in-
tense due to the large amounts of data required as well as the
complexity of the network architectures.l*l Machine learning
models are often more interpretive, as the features and decision-
making processes are easily examined and understood. Deep
learning models are often more challenging to interpret and are
referred to as “black boxes”.['*] Machine learning sees applica-
tions in various disciplines while deep learning has shown sig-
nificant success in computer vision where large amounts of un-
structured data are involved.[*>"]

3.2. Convolutional Neural Networks and their Building Blocks

A significant leap in image processing was brought about by
the introduction of deep convolutional neural networks (CNNs).
CNNs are rooted in the 1990s,1*”] but gained traction in the 2010s
due to their remarkable ability to automatically learn and ex-
tract features from raw data, particularly in computer vision.
Unlike traditional manually extracted features used in earlier
computer vision methods, CNNs learn hierarchical features di-
rectly from the data, this makes CNNs highly effective for var-
ious tasks such as image classification, object detection, and
denoising.!*!

CNNs consist of convolutional layers that apply filters to in-
put images, these filters are used to automatically detect vari-
ous features within the image. These layers are followed by pool-
ing and fully connected layers that serve various purposes. As
aforementioned, convolutional layers apply filters to input im-
ages. Each filter is a small matrix of weights that is convolved
with the input image, hence a “convolutional” layer. This is a key
feature of convolutional layers, called parameter sharing, where
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the same weights are used to process different parts of the in-
put image. The result is a feature map that highlights the pres-
ence of automatically detected features in the input image.["!]
Convolutional layers have the capacity to learn multiple features
in parallel for a given input image, with each layer typically
learning from 32 to 512 filters. The filters in the earlier lay-
ers of the neural network tend to focus on low level features
(such as edges), while the deeper hidden layers have the ca-
pacity and ability to detect the more complex features within
an image, such as object recognition of complex shapes and
objects.8144151)

The VGG-16 architecture is a well-known CNN architecture
trained on the ImageNet dataset.*"] The model architecture is
shown in Figure 15 which begins with five convolutional blocks
that comprise the feature extraction segment. A convolutional
block is a sequence of layers containing both convolutional layers
and maximum pooling layers. As the input images pass through
the CNN, the shape of the image data is transformed. The spa-
tial dimensions are intentionally reduced while the depth of the
data is increased, as illustrated in Figure 15. The depth of data
is referred to as the number of channels.">!l In the VGG-16 ar-
chitecture the feature extractor is followed by a classifier which
transforms the extracted features into class predictions in the
final layer.[*] The final output layer consists of 1000 neurons,
each representative of the 1000 classes present in the ImageNet
dataset. The value of each neuron represents the probability that
the input image corresponds to that class, the neuron with the
highest predicted probability is therefore the predicted class.[*0!
The neurons in a convolutional layer are encoded to look for and
extract features.

At the most basic level, the input to a convolutional layer is
a two-dimensional array which can be the input image to the
network or the output from a previous layer in the network. Af-
ter implementing a convolutional layer, it is common practice to
implement pooling layers which are used to reduce the spatial
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dimensions of the resulting feature maps.['* Pooling layers as-
sist to extract the most important information from the feature
maps and reduce the computational complexity of the network.
Common pooling operations include maximum (max) pooling
and average pooling.3#1*l Pooling layers summarize the feature
map and reduce the number of parameters in the network as
the input size to subsequent layers is then reduced, this in turn
reduces the computations required for training. Pooling layers
make CNNs more robust and invariant to translations as these
layers capture the most salient features regardless of their exact
location in the input. This allows the network to extract features
from an object of interest regardless of its position.['*!

Finally, fully connected layers or dense layers are essential
layers in the decision making process based on the extracted
features by the convolutional and pooling layers.['**] Fully con-
nected layers are responsible for connecting every neuron in one
layer to every neuron in the next layer, this allows for the learn-
ing of complex relationships and features.'*] Fully connected
layers are employed as the final layers of most CNN architec-
tures for classification or regression tasks. Fully connected neural
networks (FCNN) are networks constructed by fully connected
layers. These three types of layers make up the basis units or
blocks of a CNN. Stacking CNN blocks together generates dif-
ferent types of specialized neural network architectures such as
autoencoders, generative adversarial networks, and U/Y network
architectures. These types of networks are discussed below.

In 2017, a significant advancement was made in ghost imaging
through the introduction of deep learning.['>* Lyu and colleagues
pioneered an approach utilizing deep convolutional neural net-
works to improve the quality of image reconstruction.[*>*] This
concept had its origins in the work conducted by Horisaki et al.,
who first applied machine learning techniques to enhance op-
tical imaging.'>* The period between 2015 and 2018 witnessed
rapid progress in applying deep learning to address various prob-
lems in optical imaging. The use of deep learning ranged from
use in fluorescence lifetime imaging,[!>’! phase imaging, /156171
to imaging through scattering media.['*®'>] Figure 16 displays a
flowchart (left) and a framework (right) of the neural network ar-
chitecture employed by Lyu et al.,['>3] The deep FCNN was trained
to denoised undersampled data, shown on the right of Figure 16,
thereby reducing image reconstruction time in classical ghost
imaging to 20%.

Similar approaches were carried out, where deep learn-
ing methods were employed in the domain of classical ghost
imaging.[1%0-16] The deep learning applications involved the uti-
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lization of CNN blocks, either stacked sequentially or adjusted in
various ways depending on the nature of the required outcome.
Figures 17-19 show vastly different neural network architectures
that vary in depth of layers as well as complexity of layers, how-
ever all these architectures share a common trait in that their de-
velopment began from that of CNNs.

3.3. Generative Networks

Figure 17 illustrates the architecture of a generative adversar-
ial network (GAN) used in compressive sensing ghost imag-
ing for object detection.!'®] GANs are often challenging to im-
plement and to train, and consist of two internal networks—a
generator and a discriminator that are trained competitively.['®”)
The generator network creates data from random noise. It gen-
erates samples that resemble real data. The discriminator net-
work subsequently tries to distinguish between real data and
the synthetic data that is produced by the generator.'®’! In this
manner the generator and discriminator are trained against each
other. The generator learns to improve its data by receiving
feedback from the discriminator whose ability is to distinguish
real data from generated data. Simultaneously, the discrimina-
tor learns to become better at this discrimination.['®”] Training
a GAN is a challenging task caused by issues such as mode
collapse, training instability, and hyperparameter tuning. Un-
like supervised learning, where the model is trained on labelled
data with explicit input-output pairs, GANs do not require la-
belled data during training. Instead, they learn from the un-
derlying patterns and distributions within the training data to
generate new data samples. This makes GANs a prime exam-
ple of an unsupervised neural network architecture.l'®! In 2019,
Zhai et al. focused on enhancing the accuracy and sharpness
of the ghost imaging process by employing an object model-
ing tool that enabled high-quality image reconstruction with few
measurements through the use of GANs.['%] By incorporating
GANSs into the compressive sensing ghost imaging framework
the reconstruction of the ghost images was enhanced to improve
the detection accuracy of the object contained within the im-
age. The approach conducted by Zhai and co-workers allowed
for high accuracy object detection within a low-resolution im-
age reconstructed by undersampling.l*®! Notably, GANs have
been employed in other imaging techniques related to, but
outside the boundaries of ghost imaging, such as single-pixel
imaging.mo'””
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A framework for computational ghost imaging based on deep
learning was presented in 2020 by Song and colleagues.'®”] The
deep CNN employed in this work consisted of five convolutional
blocks including the image input layer, as shown in Figure 18.
The final layer of the deep CNN was a fully connected layer
to predict the output image. While the architecture adopted in
Figure 18 was less complex than that of a GAN (Figure 17) and an
autoencoder (Figure 19) significant training and hyperparameter
tuning was carried out to ensure that the predicted result was the
desired outcome. This demonstrates the versatility and capability
of convolutional layers and blocks when implemented at various
layers and depths. The deep CNN was trained on simulated data
and learnt a sensing model wherein image reconstruction qual-
ity was enhanced. The conventional computational ghost imag-
ing results and deep learning-based ghost imaging results were
compared under various sampling ratios subjected to different
noise conditions.['*”] The CNN framework achieved high-quality
images while reducing the sampling ratios to less than 5%. Simi-
larly to the aforementioned work, the reconstructed images were
undersampled and the quality of which was enhanced through
the use of a deep CNN.[1¢7]
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3.4. Autoencoder and U-Net Architectures

In line with the expected challenges in the building and training
of GANs, the autoencoder is also a type of unsupervised neural
network that learns efficient codings of unlabelled data.l'”?] The
autoencoder consists of two functions, the encoding function and
the decoding function. The encoding function transforms the in-
put data while the decoding function recreates the output data.
Autoencoders are built with the practicality of image denoising,
reconstruction and data compression and decompression.!t”3]
These neural networks are also used in principle component
analysis as a dimensionality reduction technique and can also
be used to generate higher resolution images.['’?] Autoencoders
are a type of neural network which compress the input into a
latent-space representation (also known as a bottleneck). The out-
put is then reconstructed from the latent-space representation,
thereby making autoencoders an unsupervised, or more specif-
ically a self-supervised deep learning algorithm.!'*] An autoen-
coder can also be thought of as a feature extraction algorithm
in which the output is produced by the features learnt during
training.*®) A limitation that exists with autoencoder networks is
their decreased capacity to generalize their output. These partic-
ular networks generally enhance images according to what they
have already learnt.

While Wang et al., implemented a physics enhanced deep
learning approach, the principle method employed was that
which constitutes a U-Net architecture.[1®] The structure of the
implemented U-Net is shown in Figure 19. The encoder takes in
a low-quality image reconstructed through single pixel scanning
and compresses it to a latent space representation. The decoder
then extracts the high-quality image from the latent space repre-
sentation as shown in Figure 19. The U-Net architecture is sim-
ilar to that of an autoencoder architecture which includes both
an encoder and decoder, the fundamental difference is that in
autoencoders, the encoding part compresses the input linearly,
this creates a bottleneck where all the extracted features are not
transmitted. While U-Nets involve the deconvolution on the up-
sampling side and therefore overcomes the bottleneck problem
oflost features due to connections from the encoder side of the ar-
chitecture.

The justification for the use of deep learning in ghost imag-
ing is to solve problems such as resolving undersampled im-
ages, classification, denoising, upsampling and enhancement.
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Figure 19. Diagram of a deep neural network U-Net architecture, consisting of an encoder that takes a low-quality image reconstructed by single-pixel
imaging and an encoder that outputs an enhanced high-quality image. Reproduced with permission.[16%]

The base of many specialized deep learning architectures is
formed by CNN blocks and layers. While this subsection dis-
cussed the architectures of neural networks, the structure, the
layers, the versatility of CNNs and the use of CNNs within ghost
imaging, the next section showcases the use of intelligence at-
tributed to deep learning to enhance quantum ghost imaging.

3.5. Intelligent Enhancements to Quantum Imaging

Although deep learning techniques (and in particular CNNs and
sub-variations thereof) are applied across various ghost imaging
regimes, their utilization in quantum ghost imaging has only
recently gained significant traction. Initially employed in com-
putational ghost imaging, deep learning has been harnessed to
enhance the quality of ghost imaging results, as illustrated in
the upper panel of Figure 20. While classical ghost imaging in-
volves much higher photon levels compared to quantum ghost
imaging, image enhancement was achieved by deliberately un-
dersampling the object.*>*! In a study conducted by Rizvi and
colleagues in 2020, they introduced a rapid image reconstruction
framework named “DeepGhost”, which leverages a deep convo-
lutional autoencoder neural network. This network was trained
by transferring prior knowledge from the training dataset to a
network driven by physical data. The study successfully recon-
structed high accuracy images, as shown in the lower panel of the
Figure 20. Rizvi and team assessed three distinct deep learning
approaches for ghost imaging. They compared the seminal work
in this sub-domain conducted by Lyu et al. in 2017 (GIDL)!!**]
with the methodologies presented by He et al. in 2018 (DLGI)!*7*
and their own work in 2020 (DeepGhost).['7¢! DeepGhost was
proposed to strike a balance between depth of convolutional lay-
ers and speed of computation by a novel CNN architecture.[*”®]
The network was fed undersampled images and was trained to
reconstruct clear target images, reducing image reconstruction
time to 10-20%.

The deep learning architectures that were introduced in the
previous subsection, were extended to quantum ghost imaging
with the aim of bringing about a new era of intelligent quantum

Laser Photonics Rev. 2024, 18, 2300939 2300939 (18 of 30)

imaging. The aims are to leverage the capabilities of intelligent
systems, such as deep learning frameworks, to enhance quan-
tum images; reduce photon numbers required for imaging; and
acquire images through computer identification (opposed to hu-
man identification). The first study to introduce deep learning
to quantum imaging was conducted in 2020.1°?) The authors im-
plemented a fifty node neural network as an identification algo-
rithm to recognize the image reconstructed after each mask (i.e.,
scan). The experimental setup as well as the results are shown in
Figure 7. In this multi-parameter study the authors found an in-
teresting trend whereby low-resolution reconstructions coupled
with low integration times yield the best results from the neural
recognition algorithm. This reveals that for recognition purposes
it was convenient to use masks with low resolution and short in-
tegration times.[%?]

In 2021, Moodley et. al. built on the work by Rodriguez et.
al.l[?l by implementing a two step deep learning approach to fur-
ther reduce image acquisition time by object identification dur-
ing early image reconstruction.'”’l The two-step approach con-
sisted of an image denoising and enhancing autoencoder neu-
ral network, followed by a neural classifier. The implemented au-
toencoder network was similar to that shown in Figure 19, how-
ever it was trained to denoise and enhance images reconstructed
after each mask.!"””] In the first step, a deep convolutional autoen-
coder was used to enhance the reconstructed image after each
measurement. This step improved the quality of the image by
leveraging an autoencoder. In the second step, a classifier was
used to recognize the image after each measurement. This step
was necessary to establish an optimal early stopping point based
on object recognition, even for sparsely filled images.'””] This
two step deep learning approach allowed for a five-fold decrease
in image acquisition time in quantum ghost imaging.

Accordingly, a method for super-resolving quantum images
was developed in 2022.['78] Super-resolving quantum ghost im-
ages is based on neural networks and involves experimentally
reconstructing a low-resolution image, denoising it, and then
super-resolving it to a high-resolution image, the results of which
are shown in Figure 21. The authors implemented both a gen-
erative adversarial network and a super-resolving autoencoder
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Figure 20. Upper panel: First row images, ground truth; second row images, reconstructed using Gl; third row, predicted images using GIDL. Re-
produced with permission.!'>3] Lower panel: Performance comparison (for GIDL, DLGI, and DeepGhost), qualitative and quantitative comparison of
reconstructions. Reproduced with permission.['76]
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Figure 21. Results of the image reconstructions. The digital objects that were used in the experiment. Results of the image reconstruction by random
masks—from left to right: the image obtained from the experiment, the denoised image from the GAN, the super-resolved image output from the SR

AutoE. Results of the image reconstruction by Hadamard masks—from left to right: the image obtained from the experiment, the denoised image from
n1178]

the GAN, the super-resolved image output from the SR AutoE. Reproduced with permissio

in conjunction with an experimental quantum ghost imaging
setup to implement the intelligent approach.l'’8] The efficacy
of the approach was demonstrated across a range of objects
and mask types. The proposed method involved several steps.
First, a low-resolution image was reconstructed using a quan-
tum ghost imaging setup. Then, a neural network, specifically a
generative adversarial network (GAN), was employed to denoise
the low-resolution image. Finally, a super-resolving autoencoder
was used to enhance the resolution of the denoised image, re-
sulting in a high-resolution image.['”®! The performance of this
technique was compared to traditional quantum ghost imaging
techniques and it was found that the super-resolved approach
achieved significantly improved resolution and allowed for faster
image reconstruction speeds.

In 2023, Moodley et. al. applied machine learning techniques
to quantum ghost imaging introducing a method for object
recognition within the early reconstruction process of quantum
ghost imaging.'””! In contrast to deep learning, as discussed
in the previous subsection, machine learning requires fewer
computational resources. In this work the authors implemented
four different machine learning classifiers which were subjected
to identifying the image reconstructed after each mask. This
method requires only 1/10th of the measurements needed for
a general image solution.'”?! The goal being that a computer
may be able to recognize an image through the early image re-
construction process quicker than a human could. This was suc-
cessfully achieved, as shown in Figure 22, by a uniquely gen-
erated dataset. While the studies reported till now have used
publicly available datasets, the work conducted by Moodley and
colleagues was a special advancement in quantum imaging
due to the unique dataset that was curated for the purposes
of early image identification.['’°! As can be seen in Figure 22,
the images are not easily identified by a human being and in
some cases not identified at all, rather the algorithm is capa-
ble of identifying the image with a confidence score of 75%
or higher.

The aforementioned confidence scores are shown in Figure 23.
The confidence scores predicted by the logistic regression classi-
fier are shown in Figure 23 where the black dashed lines indicate
the point in time (number of masks required) where the early
stopping criteria was achieved. This established that the algo-
rithm accurately recognized the reconstructed images 10x faster
than a human would. The work carried out by Moodley et. al. suc-
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Figure 22. Top panel: uniquely generated and normalized dataset, on
which the four machine learning algorithms were trained. Bottom panel:
experimental image reconstructions acquired as an independent step are
shown below the corresponding generated data for an iteration of 50
masks, for digits 2 and 4. The digital objects are shown as insets in each
frame. Reproduced with permission.[17°]
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Figure 23. Confidence predictions of the machine learning algorithms for
input digits 2 (left) and 4 (right), normalized to the same scale for com-
parative purposes. All algorithms were tested on images reconstructed by
Walsh—Hadamard masks. The dashed lines represent the point at which
a confidence prediction greater than 75% is achieved for the input digit of
interest. Reproduced with permission.[17°]

cessfully reduced image acquisition time in a quantum imaging
optical setup to 10%.[17%)

Currently there has been significant uptake on the use of intel-
ligence for imaging although the intersection of these fields (ar-
tificial intelligence and quantum imaging) is still relatively new.
Also in 2023, Wang and colleagues implemented an intelligent
system based on deep learning for target recognition in quantum
imaging.['®] The use of GANSs is gaining traction in ghost imag-
ing with specific applications to quantum imaging.!'318] Wang
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Figure 24. a) GAN architecture pipeline. b) Recognition architecture pipeline. c) Top: training dataset, bottom: images obtained from the RestoreCGAN

pipeline as implemented in (a) and (b). Reproduced with permission.

et. al. employed a GAN for denoising, the architecture of which
is shown in Figure 24a, in this instance the GAN contains a gen-
erator and discriminator which are trained competitively against
each other until the results are favourable. Figure 24b shows the
structure and pipeline implemented for image recognition in
entangled optical quantum imaging systems. Entangled optical
quantum imaging is a technique that employs entangled photons
to improve the resolution of an imaging system.['8!] Figure 24a,b
together form what is termed the RestoreCGAN. This specialized
GAN restores and constructs missing edge contour structures
of the target object in an entangled optical quantum imaging
approach.® Finally, in Figure 24c the training dataset (top) as
well as the RestoreCGAN results (bottom) are shown. A full com-
parison of all the tested deep learning algorithms and the result-
ing images can be found in ref. [180]. The experimental results
have shown that RestoreCGAN outperforms the state-of-the-art
methods in terms of both peak signal-to-noise ratio (PSNR) and
structural similarity (SSIM). Additionally, the recognition accu-
racy of the RestoreCGAN reached 97.42%.[18]

While entangled optical quantum imaging has been enhanced
by artificial intelligence through deep learning restoration and
recognition,® it has also benefited from intelligence applied
to quantum entanglement from incomplete measurements!!82]
and seen an advancement based on adaptive block compressed
sampling."8!] This leads to the use of intelligence as deep learn-
ing algorithms in fields such quantum state tomography!!82183]
this, however, is beyond the scope of this review article. Although,
still in it’s infancy, the nexus of quantum ghost imaging and arti-
ficial intelligence has seen significant growth in the past 4 years,
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[180]

extending far beyond it’s original application to classical ghost
imaging and accelerating growth within quantum imaging.

At this juncture, it is instructive to provide a concise overview
of the discussed network architectures, employed datasets, and
outcomes arising from the integration of Al into classical and
quantum ghost imaging. Table 1 presents a selected subset of il-
lustrative examples showcasing noteworthy advancements facil-
itated by AL Although numerous investigations have employed
the conventional CNN architecture with variations in blocks and
layers, the application of a FCNN deep learning technique in clas-
sical ghost imaging was pioneered in 2017, achieving substantial
reductions in sampling ratios to 0.1 and 0.4 with high-fidelity im-
ages, as reported in ref. [153]. The pioneering deep learning work,
conducted in 2017, employed a fully-connected neural network
(FCNN) architecture, >3] not to be mistaken for a fully convolu-
tional neural network architecture.

Similar studies achieved a sampling ratio reduction to 10% in
both classical and quantum ghost imaging, respectively.[7617°]
While one study adopted a straightforward logistic regression
classification approach to reduce the sampling ratio in quantum
ghost imaging,['”° another opted for the implementation of a
sophisticated and inherently challenging Generative Adversarial
Network (GAN) architecture during the nascent phase of GAN
development in classical ghost imaging.['7®! The successful re-
sults obtained by these methods using both advanced and simple
machine learning techniques highlight their effectiveness when
properly trained and rigorously evaluated. This emphasizes the
necessity of carefully evaluating the constraints and limitations
associated with predictions from various Al architecture types,
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Table 1. Overview of various network architectures, datasets employed, imaging outcomes pertaining to both classical and quantum ghost imaging, and

whether or not a quantum source was used.

Architecture Dataset Outcome Quantum source Ref.
FCNN MNIST digits Sampling ratio (SR) reduced - 0.1, 0.4 No [153]
U-Net Caltech-256 Completely denoised images No [160]
FCNN, CNN MNIST digits SR reduced - 6% No [167]
DRU-Net MSRA10K Image quality enhanced 3x No [163]
FCNN MNIST digits Classification at SR of 12.76% No [165]
GAN MSCOCO 2017 Object detection No [166]
DCAN STL-10 dataset SR reduced to 10% No [176]
Autoencoder MNIST digits SR reduced to 20% Yes [177]
GAN, Autoencoder MNIST digits Image quality enhanced 8x Yes [178]
Logistic Regression MNIST digits SR reduced to 10% Yes [179]
RestoreCGAN, TSFFCNet MNIST digits Completely denoised images Yes [180]

illustrating the comparable capabilities between both intricate
and straightforward architectures.

Conversely, previous studies demonstrated improvements in
image quality by factors of 3- and 8x.’*'7%] One study em-
ployed an innovative DRU-Net architecture in classical ghost
imaging,!>?! while another integrated both a Generative Adversar-
ial Network (GAN) and Autoencoder to devise a super-resolving
network architecture, subsequently applied to quantum ghost
imaging. Remarkably, a predominant trend in the previously dis-
cussed studies reveals an inclination towards the utilization of
either the Sigmoid or Rectified Linear Unit (ReLU) activation
functions. The widespread adoption of Sigmoid and ReLU acti-
vation functions suggests a consensus, potentially rooted in their
well-established performance characteristics, computational ef-
ficiency, and interpretability. Addressing the choice of the loss
function, it can be seen that the use of MSE and cross entropy
as common loss functions underscores the considerations sur-
rounding the nature of the task at hand, emphasizing the im-
portance of aligning the choice of loss function with the specific
objectives and characteristics of the given problem such as classi-
fication, sampling ratio reduction and/or image quality enhance-
ment.

Table 1 highlights distinct implementations in both classical
and quantum ghost imaging, again elucidating how different net-
work architectures can achieve analogous objectives, yet yield dif-
ferent image quality enhancement outcomes. Overall, this high-
lights the promise of both simple and complex Al methods
for advancing classical and quantum ghost imaging capabilities
through customized AI architectures. Careful bench-marking
and analysis is critical to elucidate the trade-offs and constraints
inherent to different AI design choices when applied to image
enhancement and optimization.

3.6. Physics Driven Al in Ghost Imaging

In recent years physics enhanced AI has been applied to ghost
imaging for optimization and enhancement purposes. In 2017,
Lyu et. al. proposed a physics informed deep learning method
where deep learning was used to reduce the sampling ratio.
In this study, the input to the neural network was an ap-
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proximant that was recovered using a conventional correlation
algorithm.'>3] As the modulation efficiency of the aforemen-
tioned approach was low, a further study conducted by Higham
et. al. proposed a deep convolutional autoencoder in which the
trained binary weights of the encoder were used to scan the tar-
get object,['®*] this was a purely data-driven method. Additionally
several studies have shown that it is possible to reconstruct an im-
age from the detected signal without any physical priors,[161:18]
it is however pertinent to note that incorporating the physics
of the imaging system into the neural network has paramount
consequences for various aspects of the imaging system. One
of the aforementioned aspects consists of applying physics in-
formed methods to the data acquisition process as demonstrated
by Goy et. al. and Wang et. al. in 2019, respectively.[!*:8¢] Neu.-
ral networks face limitations in their generalization and inter-
pretability, however the generalization aspect has been addressed
by Goy et. al. and Wang et. al. by incorporating physics priors
into AI based approaches, 1871881 while the interpretability aspect
was addressed by Iten et. al. in 2020.'%9 In 2022 Wang et. al.
reported a physics enhanced deep learning technique for single
pixel imaging that leverage aspects relying on the forward prop-
agation model of the imaging system.['®®] A general framework
leveraging both data and physics driven priors, called VGenNet,
was proposed to enhance single pixel imaging and to solve ex-
isting inverse imaging problems.!'”" In another study, single 1D
data collected by a photodiode was required to feed a URNet ar-
chitecture, the network was automatically optimized to retrieve
the 2D image without training tens of thousands of labeled data
points.[10]

4. Applications of Quantum Imaging and Al

While it is still too early to provide a comprehensive review on the
convergence of advances within quantum imaging and computa-
tional technologies, there have been significant strides in this di-
rection. Notably, the intersection between quantum imaging and
Al has paved the way toward imaging with a single photon. In
this section we showcase special applications that contributed to
either the optical advances within quantum imaging, Al advances
within quantum imaging, or both.
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Figure 25. Left: Experimental setup. The nondegenerate SPDC process generates a visible-infrared photon pair at the BBO crystal, and these photons
are split at a dichroic mirror. The infrared photon probes an object and the transmitted photons are detected by a single-element heralding detector.
This detection event triggers the intensifier of the ICCD camera, which detects the delayed yet spatially correlated visible photon. The recovered image
of the object is the accumulation of many visible photon detections by the ICCD. Right: Image of a test object. A stencil of the letter “IR” obtained in
visible light by an ICCD camera, even though the object was illuminated only by infrared radiation. The object is etched into gold deposited onto a 387
pm thick silicon substrate. For every infrared photon that probed the object and was detected by the heralding detector, the ICCD camera was triggered
to record the position-correlated visible photon. The images were formed by summing over many photon-detection events as labelled. Reproduced with

permission.[1?1]

In a quantum ghost imaging based photon-sparse microscopy,
infrared photons at a wavelength of 1550 nm were used to il-
luminate the object.['®!] The infrared photons were detected by
an InGaAs/InP single-photon avalanche diode. The entangled
twin photon has a significantly different wavelength at 460 nm
and is position-correlated with the infrared photon. The im-
age data was recorded from the coincidently detected, position-
correlated, visible and infrared photons using a highly efficient,
low-noise, photon-counting camera. This wavelength transform-
ing quantum ghost-imaging technique has potential for the
imaging of light-sensitive specimens or where covert operation
is desired.!!]

A schematic of the implemented imaging system is shown
to the left of Figure 25. Photon pairs were generated through
a highly nondegenerate SPDC process which gave signal and
idler wavelengths of 460 and 1550 nm, respectively. The signal
and idler photons were separated at a dichroic mirror and di-
rected along different optical paths. The idler path contained
an object that was placed in an image plane of the SPDC crys-
tal. The idler photons that were transmitted through the object
were then detected by a single-element, freespace coupled In-
GaAs/InP single-photon avalanche diode (SPAD), the heralding
detector. In the signal path, the plane of the crystal was reim-
aged to a time-gated, intensified camera with a CCD detector
array (ICCD).["') The detection of an infrared probe photon by
the heralding detector was used to trigger the gate of the inten-
sifier in the ICCD such that the signal photon that was imaged
was the position-correlated visible twin of the idler photon. Each
triggering of the camera should, in principle, yield a measured
photon. However, in practice, this efficiency was set by the op-
tical throughput of the signal path and the quantum efficiency
of the ICCD camera to ~7%.["°! Although this gave 50-100 pho-
tons per frame, the large number of camera pixels means there
was on average much less than one photon per pixel in each
frame. To each frame, the photon-counting methodology to con-
vert these frames into photons-per-pixel was applied. The pho-
tons were summed over many frames to give an accumulated
image.!191l
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The object was formed from a polished silicon wafer onto
which was patterned a microscopic gold test target. The height of
the letters (“IR”) to be imaged were 120 pm. At a wavelength of
1550 nm, the silicon was transparent whereas the gold layer was
not. Figure 25 (right) shows images obtained corresponding to
the accumulation of photons as more of the ICCD camera frames
were summed together to recover the accumulated images.["!]
The work conducted by Aspden and colleagues marked a piv-
otal point for non-degenerative quantum ghost imaging, but also
showcased how iterative and inefficient the technique is due to
the low light levels and the significant increase in the number of
frames required to achieve high-quality images.['!] This paved
the way for photon-sparse microscopy with non-degenerate en-
tangled photons.

Preserving the spatial profile of each detected photon in a
quantum ghost imaging optical setup is of the utmost impor-
tance. The spatial modes of photons constitute valuable resources
for quantum optics and in particular for quantum ghost imag-
ing. In 2021, Bhusal and co-workers exploited the self-learning
and self-evolving features of deep neural networks to correct the
complex spatial profile of distorted Laguerre-Gaussian modes
at the single-photon level.'2] Problematically, photon vulner-
abilities to phase distortions, induced by random media, im-
pose significant limitations on the realistic implementation of
numerous quantum-photonic technologies which is magnified
at the single-photon level.'?) The results reported by Bhusal
and colleagues have important implications for real-time turbu-
lence correction of structured photons and single-photon images.
Figure 26 shows experimental results obtained by Bhusal et. al.
The first column in each of the panels shows the spatial profile
of the undistorted modes. The spatial profiles of the modes were
distorted due to atmospheric turbulence. The aberrated modes
are shown in the second column of Figure 26. In the experiment,
hundreds of realizations of the aberrated beams were collected
to train the CNN. The strength of turbulence predicted by the
CNN was utilized to perform the phase mask optimization by
means of a feedback gradient descent optimization (GDO) loop.
The CNN with the GDO generated the correction phase masks

© 2024 The Authors. Laser & Photonics Reviews published by Wiley-VCH GmbH

8518017 SUOLILLOD 3AIIERID 3dedl (dde U Aq peuenob e il VO ‘85N JO 3N oy A%eiq1 18Ul UO A8 ]I LD (SUORIPUOD-PUE-SWLBIALI0O A8 | 1M Afe.d1jBu [UO//StY) SUORIPUOD Pue SWLB | 38U 89S *[GZ02/TT/70] Uo AriqITauliuO AB|IM ‘YoIeasay OIPSIN UeOL}Y LINoS AQ 66006202 10d /00T 0T/I0p/L00 A3 | Im Afe.d iUl |uoj/Sciy Woly papeojumod ‘8 ‘7202 ‘6688E98T


http://www.advancedsciencenews.com
http://www.lpr-journal.org

ADVANCED
SCIENCE NEWS

www.advancedsciencenews.com

www.lpr-journal.org

\

TCP

TCP

(c) > TCP

.

TCP

TCP

TCP

®

Figure 26. Spatial profiles of Laguerre—Gaussian modes at high- and single-photon levels for different turbulence conditions. The first column in each
of the panels shows the states prepared without distortions. The second columns display the distorted beams that were measured. The strength of
turbulence numbers are reported in the yellow square. The spatial profiles after the turbulence correction protocol are shown in the third column. a—c)
High-light-level demonstrations of our protocol for multiple Laguerre-Gaussian superpositions. d—f) The corresponding single-photon demonstrations

of (a), (b), and (c), respectively. Reproduced with permission.['92]

which were encoded on a spatial light modulator to alleviate the
turbulence effects.['?! This process enables obtaining optimized
phase masks which were used to correct turbulence-induced dis-
tortions. The corrected intensity profiles are depicted in the last
column of each panel of Figure 26. Shown in Figure 26a is the
spatial profile of a structured beam corrected by the protocol,
Figure 26b,c shows the experimental results for complex modes
with radial structure. The robustness of this technique to correct
the spatial profile of heralded single photons was also demon-
strated and shown in Figure 26d—f. Figure 26d-f displays the tur-
bulence correction of single photons prepared in superpositions
with different azimuthal and radial quantum numbers.['?] The
high fidelities achieved in the reconstruction of the spatial profile
of single photons make this technique a robust tool for free-space
quantum technologies, such as quantum ghost imaging.[1%?!

While excellence has been defined in both optical advances
and Al in quantum imaging, as discussed above, a prime ex-
ample of the nexus between the two domains was demonstrated
by Li et. al. in 2022.1%% L] et. al. reduced the requirements for
high-quality imaging by introducing a deep learning architecture
for imaging with NOON states. Specifically it was shown that
the fluctuation of images obtained by the NOON states when
N = 2 can be reduced to that of the currently infeasible imag-
ing by NOON states when N = 8.19] The results obtained by
two different types of deep neural networks were investigated
and the imaging quality was characterized by the root mean
square error. It was found that small-N NOON state imaging
data is sufficient to train deep learning models to recover the
full image. This process supports direct application to quantum
imaging.[1%%]

To date, for NOON state imaging when N = 8 has not been ex-
perimentally implemented.['3] To bridge the gap between large-
N NOON state imaging and small-N NOON state imaging Li et.
al. introduced a deep learning approach to model the mapping of
the imaging data of the two schemes.['3] The reason for choos-
ing the scheme for when N = 2 is that it was a relatively sim-
ple scheme for NOON state imaging and was the best starting
point for real applications. Two deep learning methods were in-
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troduced, a deep neural network method (DNN) and a CDAE au-
toencoder network.

The DNN method was a supervised deep learning framework
that was designed to generate a computational model employing
alarge number of samples. The computational model was a mul-
tilayer network composed of linearly and fully connected layers
and nonlinear activation functions associated with each neuron
of the layers. The layers of the network can be generally divided
into input layer, hidden layer and output layer. The structure of
the DNN is shown to the right of Figure 27. The predicted results
of noisy image examples are shown to the left of Figure 27 in the
second to last row. Compared with the images in the second row
of Figure 27 where N = 2, it can be seen that the DNN effectively
reduced the noise level of the images. The noise level of all dig-
ital images by the NOON state when N = 2 can be even lower
than that by the NOON state when N = 8, when the DNN was
employed.[1%3]

A CDAE is a denoising autoencoder whose architecture is sim-
ilar to that shown in Figure 19. Compared to a standard denois-
ing autoencoder, CDAE can take advantage of the convolution
operation and has proven to be more suitable for the imaging
process.[1% The predicted results by the CDAE of noisy images
are shown in to the right of Figure 27 in the last row. Compared
with the images in the second row of Figure 27 where N = 2, the
reduction in noise level can be seen clearly. The CDAE model also
suppresses the noise level of the images by NOON states when N
= 2 to that by NOON states when N = 8. The effect of suppression
is even greater than that obtained by the DNN.I'I The results by
Liet. al. indicate that it is possible to obtain images as good as illu-
minated by large-N NOON states using only the simplest NOON
state by incorporating intelligent deep learning methods.

5. Open Challenges and Future Opportunities

In 2020 Johnson et al., postulated that for a fully generalized im-
age solution one requires N orthogonal masks to fully reconstruct
an N-pixel image.'*] Under the assumption that the mask com-
prises N independent and randomly set pixels and overlaps with
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Figure 27. Left: Example images of handwritten digit under different conditions. The grayscale values of each image represent the normalized phase
whose colourbar is the on the right. From the top to bottom rows are shown: the ground truth objects; the simulated images using N =2, N =4, and
N= 8 NOON states; the predicted image using the DNN trained on the labelled imaging dataset of N = 2 NOON states for five hundred epochs; the
predicted images using the CDAE for two hundred epochs. Right: A framework of DNN for NOON state imaging. Reproduced with permission.[1%]

the object ~ 50% of the time, the average signal would be N/2
with a standard deviation of 1/N/2 per mask. As the number of
photons required per mask is N/2 then the number of photons to
measure a fully general image solution is N2 /2.[1%1 It is now com-
mon knowledge that for most quantum imaging applications, a
general image solution is not necessary.['7>19319] The necessity
lies in whether or not the image can be accurately identified or
described with a high enough confidence prediction, or denoised
to a point where it is identifiable by a human.['8%193] This has led
to the reduction in the number of measurements required not
only for a general image solution but also for identifying the im-
age earlier in the reconstruction process. As aforementioned, a
general image solution is no longer required therefore allowing
for image acquisition at fewer photon numbers.

Significant effort has gone into optimizing the optical com-
ponents and including intelligent approaches within quantum
imaging. While the exact capabilities and limitations of the quan-
tum imaging paradigm shift toward imaging with a single pho-
ton may vary and is dependent of the use of specific intelli-
gence techniques, technological advances and experimental con-
ditions, the findings presented in this review indicate that signif-
icant progress has been made at the nexus of these fields. Quan-
tum imaging with a single photon has the potential to revolu-
tionize various applications, including microscopy, long-distance
imaging, security and optical communications. Figure 28 pro-
vides an overview on the inception, the growth, the introduc-
tion of single-photon sensitive cameras, and the introduction
of intelligent approaches employed to optimize and enhance
the capabilities of quantum ghost imaging. These approaches
highlight the efforts towards imaging with a single photon of
light.

While there have been significant ground-breaking advances
to-date it is apparent that both optical advances and intelligent ap-
proaches are required to realize quantum imaging with a single
photon. Quantum imaging showcases capabilities that result in
applications to biological imaging where the impact would trans-
form medical imaging, diagnosis and pharmaceuticals. However,
to fully unlock the potential of quantum imaging with a sin-
gle photon, it is essential to delve even further into the conver-
gence of these two critical components: specialized optical ad-
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vancements and intelligent approaches. These two disciplines are
not only complementary but also mutually reinforcing, paving
the way for a new era of imaging technology that holds immense
promise, particularly in the discipline of biological imaging.

Asis well known, quantum optical systems are highly suscepti-
ble to noise therefore maintaining the quantum state, particularly
at large scale or in application, remains an on-going challenge
and a large area of focus within the quantum community.!'?0]
Quantum imaging challenges continue to extend into scalability,
when precise control of the system is required as well as detec-
tion efficiency for single photons. A technical challenge is achiev-
ing a high enough detection efficiency while minimizing the im-
pact of noise which directly impacts the noise within the quan-
tum images.[#*85 Quantum imaging currently requires detectors
with ultra-high sensitivity and minimal noise to extract the sig-
nals of single photons.[*>!'7] These scientific advancements are
crucial to enhancing the overall signal-to-noise ratio and the qual-
ity of the images obtained. Within the practical and commercial
perspective, it is essential to identify feasible applications where
quantum imaging provides clear advantages over classical meth-
ods, this is essential for the growth, development, and integration
of the field into feasible applications.

In parallel, the discipline of Al faces many challenges. Deep
learning models require large amounts of data to achieve high
performance. Ensuring that the data is accurate, representative,
and unbiased is also a large area of focus and an on-going chal-
lenge. Deep learning models are prone to overfitting whereby the
training data is memorized rather than generalized to identified
patterns, regularization techniques and more robust datasets are
a possible avenue to mitigating this issue. Shang and co-workers
have contributed significantly to address unreliable image re-
construction results, their method based on a Bayesian Neural
Network estimates this uncertainty in image reconstruction in
single-pixel imaging.['] Active areas of research within Al in-
clude, but not limited to, explainability as DNNs are often re-
ferred to as “black boxes”; computational resources as DNNs re-
quire substantial computational power for training; ethical bias
as DNNs inherit biases that are present in the training data. It is
therefore pertinent to build and train models that are explainable,
computationally sustainable and fair. By incorporating physics
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Figure 28. Growth and development within ghost imaging employing both optical and Al advances.

priors into physics-informed and/or physics-driven Al it may be
possible to shed light on many topics of historic debate, not lim-
ited to quantum imaging but rather for imaging and quantum
optics in their entirety.

Optical and Al advances have been demonstrated to a point
of good understanding, as illustrated by examples highlighted in
this review. It can be seen that quantum imaging offers promis-
ing capabilities that surpass classical limits. Translating these ad-
vances into practical imaging applications, however, faces sub-
stantial technological obstacles. Efficient quantum light source
availability, processing protocols, and complete end-to-end com-
mercial quantum imaging systems must mature to rival the al-
ready established classical standards.

Realizing the potential of quantum imaging requires patience
and persistent research and engineering efforts. Applications
benefiting from quantum advantages will likely remain restricted
in the coming years. Classical techniques retain advantages in
critical areas like availability, efficiency, scalability, and ease of
use. They will continue serving most imaging needs until quan-
tum imaging systems can compete across all such aspects. Sus-
tained efforts to nurture quantum imaging protocols and suf-
ficient technological advancements, including but not limited
to Al, could enable transformational capabilities. But scientific
prudence suggests measured expectations regarding the time-
line and scope. Incremental advances on specific promising
fronts are a realistic path forward for now. While quantum tech-

Laser Photonics Rev. 2024, 18, 2300939 2300939 (26 of 30)

niques may someday catalyse imaging revolutions, measured ex-
pectations are currently advised. Order-of-magnitude improve-
ments remain elusive in most domains thus far, with incremen-
tal progress more likely in the near term. Cost, complexity, and
efficiency challenges persist.

6. Discussion and Concluding Remarks

Quantum ghost imaging holds promise for applications in highly
photon-sensitive imaging and imaging through noisy or scat-
tering environments. The fundamental signal-to-noise ratio ad-
vantages of quantum ghost imaging could enable reduced pho-
ton doses compared to classical microscopy in photon-sensitive
applications such as biological imaging. Additionally, the abil-
ity to spatially correlate photons that do not preserve coherence
propagating from the object to the detector can improve imag-
ing through scattering media like fog. However, technical limi-
tations pose barriers to practical quantum imaging applications.
Efficient single photon bucket detectors are limited to visible and
near-infrared wavelengths, while efficient megapixel spatial de-
tector arrays lag in photon timing abilities. Although promising,
SPAD arrays currently lack both the necessary efficiency and res-
olution required for current practical applications. Further de-
tector improvements will help unlock the potential of quantum
imaging. By combining quantum imaging and artificial intelli-
gence, the benefits of quantum entanglement can potentially be
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harnessed for faster, cheaper, and more efficient systems. But
concrete applications require advancing detector technology and
processing techniques. While promising for specific niches like
photon-sensitive and scattering media imaging, quantum tech-
niques still face challenges in competing with established clas-
sical methods across applications. Incremental advances relying
on quantum entanglement correlations show paths forward in
overcoming current practical limitations.

To summarize, this review has provided a glimpse into the
fields of quantum, classical, computational, machine learning
and artificial intelligence-based ghost imaging, shedding light on
the possible promising trajectory of intelligent quantum imag-
ing. Although concise, we have explored the landscape while ac-
knowledging the gaps that exist in our current understanding of
this emerging field. Our investigation of the nexus of quantum
imaging and artificial intelligence is still in its early stages, with
the precise metrics governing their synergy still emerging as a
developing area of research. Despite these advancements, open
challenges persist in both quantum optics and Al. Quantum sys-
tems face ongoing hurdles related to noise, scalability, and detec-
tion efficiency for single photons. Overcoming these challenges
is crucial for realizing the full potential of quantum imaging, par-
ticularly in biological applications where transformative impacts
are anticipated.

Looking ahead, it becomes evident that the integration of ar-
tificial intelligence and quantum technology will herald a new
era in imaging capabilities. The amalgamation of optical advance-
ments, specialized optical elements, ultra-high sensitivity single-
photon detectors, and sophisticated Al algorithms is poised to
catapult ghost imaging, quantum ghost imaging and quantum
imaging into new and uncharted territories of resolution, sen-
sitivity, and real-time decision-making. The trajectory paved by
current advancements not only holds promise for enhanced ca-
pabilities but also leads towards the recognition and reconstruc-
tion of complex objects at the single-photon level. The field of AI
confronts issues such as data accuracy, model overfitting, explain-
ability, computational resources, and ethical bias. Incorporating
physics priors into Al models may provide insights into various
aspects of imaging and quantum optics, contributing to a more
robust and reliable integration of these technologies. This will
indeed pave the way towards a practical and feasible quantum
imaging solution.

While acknowledging the limitations inherent in the scope
of this review, the broader narrative points towards a promis-
ing landscape for intelligent quantum imaging. The canvas is
far from complete, and the evolving nature of these interdisci-
plinary fields ensures that future explorations will unravel even
more profound connections between quantum principles, arti-
ficial intelligence, and the frontiers of imaging technologies. In
this emerging field, the contours of an impactful future for intel-
ligent quantum imaging emerge, this will be fueled by the relent-
less pursuit of innovation and the convergence of diverse scien-
tific disciplines.
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