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well-known operator for blind selective focusing on
strong reflectors13 and has recently been used in matrix
imaging7. However, whereas these approaches were based
on a singular value decomposition (SVD) of the TRM,
Choi’s team expresses the TRM as a matrix product in a
way that reveals that calibration-free speckle illumination
may work and speed up matrix imaging.
Looking forward, it will be interesting to understand

potential conceptual links between Choi’s iterative post-
processing of the TRM and the traditional SVD
approach7; moreover, it may be possible to refine the cost
functional of Choi’s algorithm, for instance, using image
quality metrics14 and/or techniques that previously
enabled “superresolution”12. Given that latency improve-
ments are a key motivation for compressive sampling in
Choi’s work, it is insightful to note parallels with the role
of compressive sensing in microwave computational
meta-imaging. While the latter is primarily concerned
with scenes in free space, latency is a crucial metric, too,
and over the last decade, tremendous progress beyond
conventional compressed sensing has been made to
unlock remarkable latency improvements through the use
of fewer but tailored illumination patterns15. Clearly, an
orthogonal illumination basis would be an improvement
upon the pseudoorthogonality of speckles and reduce
reconstruction noise, but—given some a priori knowledge
—a series of fewer learned illumination patterns that
highlight salient features may yield further remarkable
latency improvements15. To implement orthogonal or
learned illumination patterns, wavefront shaping on the
input side with digital micromirror devices could match
the camera frame rate of up to 12.5 kHz in Choi’s current
work but would add complexity that must be traded off
against further latency gains.
On a yet more fundamental level, the treatment of

multiple scattering in matrix imaging may need to be
revisited in the future. The current approach of dis-
carding it as random noise not only neglects the fact that
“multiple-scattering noise”—despite its random appear-
ance upon visual inspection—does contain profound
mesoscopic correlations. More intriguing is the fact that
multiply scattered waves may actually carry more
information about the scene than “ballistic” waves: the
sensitivity of waves to subwavelength scene details, and

hence the waves’ ability to extract finely resolved scene
information, increases with their dwell time16. Rever-
beration and multiple scattering can be thought of as
generalizing the deeply subwavelength interferometric
sensitivity from a conventional 1D interferometer to
arbitrary geometries. However, this precious information
is encoded in multiplexed measurements and challen-
ging to decode.
Choi’s team has brought fresh ideas into matrix ima-

ging, making it much simpler and faster, and their work10

will undoubtedly trigger the exploration of new avenues in
matrix imaging across all wave engineering disciplines.
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Computer-free computational imaging: optical
computing for seeing through random media
Yunzhe Li 1 and Lei Tian 1,2✉

Abstract
Diffractive Deep Neural Network enables computer-free, all-optical “computational imaging” for seeing through
unknown random diffusers at the speed of light.

Computational imaging1 is an emerging field that
seeks to push the fundamental limits in imaging systems
by synergistically integrating optics and computation. In
recent years, significant advances have been made by
leveraging deep learning in computational imaging2. By
combining novel deep neural network (DNN) archi-
tectures and domain knowledge in optical physics, the
performance limits in various systems are continuously
being re-defined, including spatial resolution3,4, depth-of-
field5, space-bandwidth product6, imaging speed6,7, sen-
sitivity to low-photon count8, and resilience to random
scattering9,10. Of particular interest by Luo et al.11 is the
ability to overcome random scattering by a DNN.
A notable advance demonstrated in this work is how

the DNN is being designed and implemented to enable
“computer-free” computational imaging. The majority
of the deep learning-based techniques rely on a modern
computer (or a computer cluster) to perform both
training and deploying the DNNs. As such, the “cost”
associated with the deployment (e.g., power con-
sumption, data bandwidth, size, and weight) is funda-
mentally limited by the computing hardware
requirement (e.g., GPUs). In the past few years, optical
computing solutions, in particular optical neural net-
works (ONNs), emerge as a promising alternative to
enable highly efficient “computing” at the speed of light

using only optical and photonic components12. While
optical computing and ONNs have been extensively
studied about 30 years ago13, including impressive
demonstrations, such as face recognition14, recent
advances in photonic devices and the emergence of
extremely large DNNs have re-fueled the research
interest in ONNs12. Such novel optical computing
devices promise to significantly reduce the power,
bandwidth, size, and weight and enable “edge com-
puting” directly on systems, such as surveillance cam-
eras and autonomous vision systems.
In this work, the diffractive deep neural network

(D2NN) pioneered by the Ozcan group15 is imple-
mented for performing a challenging task for imaging
through random diffusers. The D2NN is physically
constructed by a series of transmissive diffractive sur-
faces (Fig. 1), in which the “neurons” are embodied by
the phase profiles of the “pixels” on the diffractive
surfaces and the interconnections are described by the
physics of optical diffraction. The D2NN is first trained
to perform the task of optically reconstructing images
of arbitrary objects that are covered by an unknown,
random phase diffuser. The result of the training
stage consists of a set of phase profiles that are sub-
sequentially fabricated to construct the ONN. A
remarkable result demonstrated by the authors is that

© The Author(s) 2022
OpenAccess This article is licensedunder aCreativeCommonsAttribution 4.0 International License,whichpermits use, sharing, adaptation, distribution and reproduction
in any medium or format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons license, and indicate if

changesweremade. The images or other third partymaterial in this article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to thematerial. If
material is not included in the article’s Creative Commons license and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.

Correspondence: Lei Tian (leitian@bu.edu)
1Department of Electrical and Computer Engineering, Boston University,
Boston, MA 02215, USA
2Department of Biomedical Engineering, Boston University, Boston, MA 02215,
USA

12
34

56
78

90
()
:,;

12
34

56
78

90
()
:,;

1
2
3
4
5
6
7
8
9
0
()
:,;

12
34

56
78

90
()
:,;



294  | Light Sci Appl | 2022 | Vol 11 | Issue 3 LSA

the trained D2NN can all-optically reconstruct the
unknown objects through an unknown, new diffuser
(that has never been used during training). As such, it
implies that this ONN architecture has sufficient gen-
eralization power, similar to its digital counterpart10, to
be robust to random unknown scattering changes. This
makes a major advancement in optical computing
towards many applications that require robustness

against degraded visions, such as astronomical imaging,
surveillance, and autonomous driving.
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Fig. 1 Diffractive deep neural network for computer-free
computational imaging through random diffusers. Speed-of-light
inference of the letter “2” through the unknown “phase diffuser” using
the trained D2NN, which consists of multiple diffractive layers.

Li and Tian Light: Science & Applications ����������(2022)�11:37� Page 2 of 2 Krasikov and Kivshar Light: Science & Applications ����������(2022)�11:45� Official journal of the CIOMP 2047-7538
https://doi.org/10.1038/s41377-022-00737-4 www.nature.com/lsa

NEWS & V I EWS Open Ac ce s s

Seeing is believing
Sergey Krasikov 1 and Yuri Kivshar 1✉

Abstract
Bound states in the continuum are realized in many optical systems as “dark states”, and their presence can be
detected in the regime of leaky modes via resonances in far-fields. Here the authors reveal previously unseen structure
of bound states in the continuum by exploring strong near-field localization in dielectric metasurfaces.

Bound states in the continuum (BICs) originate from
earlier days, when two pioneers of quantum mechanics1

discovered that certain potentials in the Schrödinger
equation describing a quantum particle can support spa-
tially localized (bounded) states with the energies larger
than the maximum energy of the potential, i.e., their
energy belong to the radiation spectrum. For many years,
such exotic radiationless states were considered as a
mathematical curiosity, however later it was discovered
that such states can occur in many different physical
systems that support waves interacting predominantly
outside a potential due to destructive interference effects.
Because of the generality of wave phenomena and inter-
ference, BICs can be observed for different types of waves,
including water waves and acoustic waves, and they have
been shown to exist in many dissimilar optical systems
ranging from waveguides to photonic crystals2.
In optics, BICs are usually observed as “quasi-BICs”

when exact parameter matching is not satisfied (e.g., due
to a finite size of a system), and destructive interference of
leaky waves can be detected in far-fields as a sharp reso-
nance with a high value of the quality factor (Q factor)
(see, e.g., the earlier review paper3). Such ultra-narrow
resonances can be utilized for many applications, for
example, for biosensing4, lasing5, and nonlinear photo-
nics6. The key idea behind the common physics of dif-
ferent and dissimilar BICs is a suppression of radiative
losses via destructive interference of leaky modes and,

since this suppression can never be made complete, BICs
in physical systems are always manifested as quasi-BICs
because otherwise they are not seen in far-fields. Fig. 1
The dark nature of a BIC state is simultaneously one of its

main features and largest weakness. Together with high
values of the Q factor, the absence of coupling with far-fields
does not allow to access such an optical state for a direct
characterization. Instead, all practical applications utilizing
BICs rely on “an image” of quasi-BIC in the far-field region.
A new milestone in the study of BICs comes with the

recent work by Dong et al.7 who suggested a way to
observe true BICs via direct probing techniques utilizing a
combination of two types of spectroscopies. More speci-
fically, they considered a metasurface consisting of a lat-
tice of tilted and straight pairs of silicon nanoantennas
that support BIC resonances, as suggested in Ref. 8.
Dong et al7. realized experimentally a combination of

cathodoluminescence (CL) and monochromatic electron
energy loss spectroscopy (EELS) in a scanning transmission
electron microscope (STEM). They employed a focused
electron beam to excite specific optical modes in the near-
field region. Importantly, the energy transferred to both
radiative and nonradiative modes can be measured with
EELS, while only radiative losses are measured with CL in
the far-field region. A comparison of both EELS and CL
spectra allows “to see” directly both leaky and trapped
optical modes, thus characterizing directly true photonic
BIC states with a nanometer accuracy. More specifically, if
a high-Q resonance is observed in the EELS spectra but, at
the same time, it does not occur in the far-field region,
this provides direct evidence of a true BIC-induced
“darkness of light”.
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