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Abstract. Computational imaging employs the joint design of optical modulation and reconstruction
algorithms, overcoming the inherent physical limitations of conventional imaging. From the perspective of
information transmission, computational imaging sequentially applies optical encoding, indirect measurement,
and computational decoding to capture the desired information. This paradigm demonstrates superiority over
conventional imaging in terms of information capacity, information acquisition efficiency, information
dimensions, and information acquisition functionality. Optical encoding plays a pivotal role and can be
implemented across multiple dimensions of light at various positions along the optical path. This mini-
review surveys emerging encoding methods for computational imaging driven by optical element parameter
optimization tools, micro-nano manufacturing, and non-classical properties of light. Differentiable optics and
end-to-end optimization can model complex physical processes and further strengthen the integration of
optical encoding and computational decoding. Advances in material science and micro-nano fabrication give
rise to compact, high-performance imaging systems and propel the practical implementation of diverse, bio-
inspired imaging. In addition, quantum properties and orbital angular momentum create new possibilities for
encoding methods that perform better in specific conditions. The research in these areas represents the latest
advances in computational imaging encoding methods and demonstrates the potential for rapid development
in the future.
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1. Introduction
Light has multiple inherent properties, including amplitude,
phase, wavelength, polarization, spatial position, and propaga-
tion direction, making it a versatile carrier of information[1].
Photomorphogenesis reveals that photoreceptors in plants can

respond to the light spectrum to regulate growth patterns.
Similarly, the visual system of animals can perceive multiple
color channels and polarization patterns of light for object rec-
ognition, navigation, and communication. Throughout history,
humans have employed light-sensing and imaging technologies
to measure and estimate various physical properties of the envi-
ronment, ranging from microcosms to astronomy, leading to nu-
merous scientific discoveries. In recent decades, the imaging*Address all correspondence to Xin Yuan, xyuan@westlake.edu.cn
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paradigm that combines optical encoding and computational de-
coding has opened new ways for the visual perception of the
physical world.

Conventional imaging relies on object–image spatial map-
ping and intensity-based direct measurement modes, resulting
in the loss of multidimensional optical information, and perfor-
mance improvement is limited by the diffraction limit, optical
aberrations, noise, etc. Driven by advancements in optics, image
processing, and information theory, along with growing appli-
cation demands, researchers are increasingly focusing on the
joint design of optical modulation and reconstruction algo-
rithms. This paradigm, known as computational imaging, has
been shown to improve imaging performance, enable the ac-
quisition of multidimensional optical information, and unlock
groundbreaking functionalities[2].

From the perspective of information transmission, computa-
tional imaging (Fig. 1) introduces the idea of information encod-
ing within the imaging pipeline, sequentially applying optical
encoding, indirect measurement, and computational decoding
to the desired information[3]. Optical encoding represents the
physical process in which light propagates from the source to
the detector. This process also involves the scene, lenses, mod-
ulators, and other optoelectronic devices, which play roles in
controlling the properties of light. Encoding implies that the
detector measurement process is an intermediate step rather than
the final one. Additionally, mathematical modeling of the
optical encoding and reconstruction algorithms enables the
decoding of a scene’s property information from the intensity
measurements. Compared with the direct mechanism of

conventional imaging, this transformation increases information
capacity, improves information acquisition efficiency, expands
the information dimensions, and provides groundbreaking infor-
mation acquisition functionalities that were previously unattain-
able[2,3]. In recent years, advances in micro-nano optics, artificial
intelligence (AI), and differentiable optics modeling have led to
the emergence of various computational imaging systems.
However, it is still highly demanded to develop new coding
methods in terms of the precise modeling of physical processes,
implementation of joint design concepts, and the requirements
of hardware, computational complexity, and imaging accuracy.

This paper presents an overview of the foundations and
emerging research in computational imaging encoding methods,
with the aim of providing a systematic understanding and inspir-
ing further innovation in this field. First, we review concepts,
realizations, motivations, and encoding–decoding frameworks
of computational imaging in Sec. 2.1. Then, we briefly discuss
the theoretical aspects of optical encoding for computational im-
aging and summarize the encoding methods based on encoding
occurrence planes in Sec. 2.2. Finally, Sec. 3 presents a detailed
discussion of several representative and promising emerging en-
coding methods, including their principles and applications.

2. Computational Imaging

2.1. Concepts, Realizations, and Motivations

The development of imaging technology has a remarkably long
and illustrious history (Fig. 2), which is divided into five distinct
periods: the ancient era of discovering the fundamental imaging

Fig. 1 Schematic diagrams of (a) conventional imaging and (b) computational optical imaging
architectures. In computational imaging, encoding can be implemented in the illumination or pupil
plane or embedded in the sensor itself. The detector measurement process is an intermediate
step. Reconstruction algorithms then decode the scene’s property information from the encoded
images. Compared with conventional imaging, computational imaging offers numerous
advantages.
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principles, the early modern period marked by the emergence of
optical science and tools such as microscopes and telescopes,
the photographic era driven by photochemical recording, the
electronic imaging era characterized by digital technology,
and finally the current era of computational imaging that we
are living in[2].

Conventional photoelectric imaging uses optical lenses to fo-
cus light onto photodetectors, which convert the optical signals
into electrical signals that are subsequently processed to gener-
ate images. Though characterized by efficiency, intuitive design,
and straightforward implementation, its performance is funda-
mentally limited by physical laws, including the diffraction
limit, optical aberrations, and noise. When light passes through
a finite aperture, diffraction occurs, causing the image of a point
in the object to appear as an Airy disk. The size of the Airy disk
is inversely proportional to the aperture diameter, and the over-
lap of Airy disks results in a diffraction-limited spatial resolu-
tion. The discrete sampling by digital image sensors with
non-zero pixels also limits the spatial resolution. Resolution,
together with the field-of-view (FoV), determines the space-
bandwidth product (SBP), which quantitatively characterizes
the amount of detail that an imaging system can capture and
serves as a key metric for evaluating the system’s informa-
tion-carrying capacity. In practical optical systems, the paraxial
approximation is not strictly satisfied. Consequently, light rays
originating from a point on the object may fail to converge pre-
cisely to a point on the image plane, leading to optical aberra-
tions. Moreover, various types of noise may be introduced
during the image acquisition process. The discrete nature of
photons gives rise to statistical fluctuations, resulting in shot
noise. The signal processing circuit of the image sensor can in-
troduce dark current, readout noise, quantization noise, etc.
Stray light can also degrade the signal-to-noise ratio (SNR).
Besides, conventional imaging primarily relies on directly cap-
tured intensity images, which can limit its effectiveness in
scenes involving multidimensional optical information.

In addition to the designs of complex optical lenses and high-
performance sensors, researchers have also utilized image
processing such as image denoising and super-resolution to
meet application requirements. Image processing typically

operates on pixel data and is designed independently of optical
systems.

Against the backdrop of flourishing optical designs and im-
age processing methods yet lacking integration, Cathey et al.
innovatively considered the joint design of forward measure-
ment models and reconstruction algorithms to achieve improved
resolution[4]. This joint optical-computational approach repre-
sented a new imaging paradigm and was termed computational
imaging subsequently[2,5]. It should be emphasized that the
reconstruction algorithms are designed in accordance with the
mathematical model of the measurement process, unlike image
processing, which is agnostic to the optical modulation process.

Conventionally, optical imaging focuses on the design and
use of lenses, but advancements in photoelectric technology
have expanded its scope. In the 19th century, Kerr and
Pockels discovered the electro-optical phenomenon that optical
properties of materials can be changed with external electric and
strain fields, giving rise to a range of modern optical elements
for controlling light. Since the early 1980s, significant advance-
ments in micro-nano photonics, metamaterials, micro-electro-
mechanical systems (MEMSs), and related fields have enabled
the development of light modulation devices featuring energy
efficiency, compact sizes, broad bandwidths, and high speed.
Currently, diverse light modulation devices and methods play
a crucial role in optical imaging, quantum optics, integrated op-
tics, and optical computing.

Computational imaging leverages modulation devices to
control the distribution of light across multiple dimensions
(Table 1). Key devices include metasurfaces[6,7], digital micro-
mirror devices (DMDs)[8], liquid-crystal spatial light modulators
(LC-SLMs)[9], diffractive optical elements (DOEs)[10,11], deform-
able mirrors[12], color filter arrays (CFAs)[13], polarizers[14], film
masks[15,16], prisms, beam splitters, lenses, and mirrors. Flexible
and precise optical modulation enables the transmission of light
field information to bypass the physical limitations of light
propagation and detector measurement. Specifically, this can
be achieved through the compression of light field information,
by sacrificing information in other dimensions or by employing
other means. Generally, light modulation also involves the pho-
toelectric conversion by the detector. In this context, the

Fig. 2 A brief history of imaging technology.
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mathematical model of optical modulation can be represented as
a mapping from high-dimensional signals to intensity measure-
ments[17,18]. These high-dimensional signals, representing multi-
dimensional properties of the light field scene, are retrieved
from measurements using reconstruction algorithms and stored
as data cubes. Intensity measurements can be captured in a sin-
gle snapshot, as in snapshot compressive imaging (SCI)[19], or in
multiple snapshots, as in ptychography[20], which captures multi-
ple images with scanning in a single measurement.

In computational imaging, recovering high-dimensional sig-
nals from intensity measurements is essentially a nonlinear
ill-posed inverse problem. This is mainly due to the fact that
the dimension of the solution space is much larger than that
of the measurement space, the non-convex relationship between
the high-dimensional signals and the measurements, as well as
the influence of noise[21]. Reconstruction algorithms are briefly
summarized in Fig. 3. Conventionally, this ill-posed problem is

addressed using model-based optimization algorithms. The ob-
jective function, comprising a data fidelity term and a regulari-
zation term, is minimized using gradient descent, the alternating
direction method of multipliers (ADMMs)[22], or other methods.
Regularization terms, such as total variation (TV)[23] or
sparsity[24], help stabilize the solution space, suppress noise, and
improve the quality of reconstruction results. Recent advances
in deep learning have further revolutionized reconstruction al-
gorithms. Deep neural networks (DNNs) can learn end-to-end
mapping from measurement data to high-dimensional signals[25].
Generative models, including the generative adversarial network
(GAN) and diffusion models, have also been introduced in the
reconstruction process. These models can learn complex
priors from datasets and improve the quality of reconstruction
results[26]. In addition, physics-based deep learning bridges the
gap between model-based and data-driven methods, merging the
advantages of these two kinds of methods[27]. Two frameworks,

Table 1 Light Modulation Devices Control the Distribution of Light Across Multiple Dimensions.

Device Intensity Phase Spectrum Polarization Direction

Metasurface ✓ ✓ ✓ ✓ ✓

DMD ✓ ✓
a

– – ✓

LC-SLM ✓
a

✓ – ✓
a

✓

DOE ✓ ✓ ✓
a

– ✓

Deformable mirror – ✓ – – ✓

CFA – – ✓ – –

Polarizer – – – ✓ –

Film mask ✓ ✓
a

– – ✓

Prism – – ✓ – ✓

Beam splitter ✓ – ✓
a

✓
a

✓

Lens/Mirror – ✓ – – ✓

aindicates implementation-dependent capability.

Fig. 3 A brief summary of the reconstruction algorithms for computational imaging, including the
model-based methods (top left), deep-neural-network-based methods (top right), and physics-
based deep learning methods (bottom).
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deep unfolding networks[28] and the plug-and-play (PnP) frame-
work[29], have put this concept into practice.

Computational imaging utilizes algorithms to share the hard-
ware burden and overcome physical limitations, thereby sur-
passing the performance of conventional imaging and
enabling imaging functionalities that were previously unattain-
able[2]. As shown in Fig. 4, the former is reflected in super-
resolution imaging, SNR improvement, high dynamic range
(HDR) imaging, depth of field (DoF) extension, motion deblur-
ring, large FoV imaging, spectral imaging, polarization imaging,
computational ultrafast imaging, adaptive optical imaging, and
minimalist optical systems[3]. Computational imaging can by-
pass physical limitations to provide a feasible solution for these
performance improvements or demonstrate advantages over
conventional implementations in terms of speed, size, weight,
power, and cost. The examples of the latter include light field
imaging[30], three-dimensional (3D) surface imaging[31], quanti-
tative phase imaging (QPI)[32], scattered light imaging[33,34],
single-pixel imaging (SPI)[35], 3D volumetric imaging[36–40],
and quantum imaging[41].

2.2. Optical Encoding

Researchers have used information theory to analyze and evalu-
ate imaging systems for a long time. In the information-theoretic
visual communication channel model, the image gathering sys-
tem, as a transmitter, encodes the radiation field within the FoV
into a signal to be transmitted, while the image restoration

process, as a receiver, decodes the received signal[42].
Specifically, the encoding process involves actively or passively
illuminating the scene, as well as the propagation of electromag-
netic waves from the scene to the detector. Some literature also
includes the photoelectric conversion of the detector within the
scope of encoding[17]. The inherent factors of optical and opto-
electronic devices limit the performance of visual communica-
tion channels. The utilization of encoding and decoding
methods is expected to achieve optimal scene reproduction
under specified conditions and performance criteria.

The encoding process involves a series of optical and opto-
electronic elements, each corresponding to a sub-process of op-
tical modulation and being modeled as a sub-mapping. For
example, coherent light-emitting diode (LED) illumination in-
duces a wave-vector-dependent shift in the Fourier spectrum of
the object’s complex amplitude, the phase transformation char-
acteristic of a converging lens enables the implementation of a
two-dimensional Fourier transform, and the signal modulation
function of a mask can be represented by element-wise matrix
multiplication. These sub-mappings are integrated to form the
overall mapping from high-dimensional scene signals to inten-
sity measurements of the detector:

y � S ∘ fn ∘ fn−1 ∘ � � � ∘ f1�x�; (1)

where S denotes the sensing process of the detector. It should be
noted that manufacturing imperfections of the elements and pro-
cess noise can introduce uncertainties into the mapping model,

Fig. 4 A brief summary of the computational imaging applications.
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which are commonly difficult to represent explicitly in math-
ematical terms.

Encoding sub-processes can be introduced at various posi-
tions along the optical path, including the light source, pupil,
detector, or combinations thereof[1]. Encoding can be designed
to modulate specific light field dimensions or their combina-
tions. Table 2 provides a summary of optical encoding methods
categorized based on encoding occurrence planes. In addition,
when propagating through scattering media such as emulsions,
multimode fibers, and biological tissues, light is extensively
scattered, severely disrupting the transmission of optical infor-
mation. In conventional imaging, scattering is viewed as a

source of interference that degrades imaging performance. By
contrast, in computational imaging, scattering media is consid-
ered to be an encoder that transforms the input optical field into
a complex speckle pattern. Deep learning or model-based
algorithms can decode the optical field information from these
complex speckle patterns[43]. Wavefront shaping methods can
precisely control the scattered light field by measuring the trans-
mission matrix of the scattering media or achieve refocusing of
the scattered light via phase conjugation[44,45]. These research ad-
vancements hold significant potential for imaging in complex
media and expand the encoding methods for computational
imaging.

Table 2 Summary of Different Computational Imaging Coding Methods and Implementations.

Class of Method Example

Illumination coding

Structured light pattern[31,46–48] and
implementation

Speckle pattern, binary code, gray code, phase shifting, gray code with phase shift, strip
indexing, grid indexing, color code, and phase unwrapping
Beam interference[49], multifocal exciting light[50], optical waveguide array evanescent field[51],
spatial light modulator (SLM)[52], DOE[53], DMD[54], and metasurface-driven[55]

Illumination scanning Illumination array[56], adaptive illumination[57,58], wavelength and angular multiplexing[59–62],
multiplexed source coding[63], wavelength scanning[64], and rapid laser beam scanning[65–67]

Light detection and ranging (Lidar) Direct time-of-flight (ToF)[68], amplitude-modulated continuous wave (AMCW)[69], frequency-
modulated continuous wave (FMCW)[70], stepped frequency continuous wave (SFCW)[71],
multi-spectral[72], spectrally scanning[73], and ultrafast and high-FoV metasurface scanning[74]

Coded exposure (flutter shutter) Temporal coding[75,76], per-pixel coding[77,78], and spatial-temporal coding[79]

Light interference Time-domain optical coherence tomography (OCT)[80], spectral-domain OCT[81], swept-
source OCT[82], in-line holography[83], and off-axis holography[84]

Pupil coding

Metasurface-based Achromatic imaging[85,86], hyperspectral imaging[87], polarization imaging[88,89], snapshot
Mueller matrix imaging[90], snapshot full-Stokes imaging[91], point spread function (PSF)
engineering[92], synthetic aperture[93], and snapshot multidimensional imaging[94]

Camera array Wide-field high-resolution imaging[95], multi-focal length[96], multiple spectra[97], and synthetic
aperture[98]

Aperture scanning Wide-field high-resolution imaging[99], multiple spectra[100], and synthetic aperture[101]

Coded aperture Random coded aperture[102], uniformly redundant array[103], modified uniformly redundant
array[104], Fresnel zone aperture[105], time-multiplexing[106], and snapshot spectral imaging[107]

Minimalist optical system Single-lens imaging[108], freeform optics[109], lensless imaging[110], and end-to-end compact
design[111]

Adaptive optics system Shack–Hartmann wavefront sensor[112], curvature wavefront sensor[113], pyramid wavefront
sensor[114], diffusive plates[115], and indirect wavefront sensing[116]

Deformable mirror correction[117], liquid crystal SLM correction[118], and deformable phase
plate correction[119]

Microlens array Light field camera[120], snapshot 3D and polarization[121], and snapshot hyperspectrum[122]

Single-pixel detector Single-pixel imaging[123], ghost imaging[124], and single-photon imaging[125]

Detector coding

Super-resolution detector Micro-scanning[126], focal plane coding mask[127], and multi-aperture camera sub-pixel
shifting[128]

Non-uniform detector Single-pixel camera array[129], synthetic aperture radar[130], and shape-awareness[131]

Curved surface detector Digital X-ray detector[132], hemispherical nanowire array retina[133], curvy and shape-adaptive
detector[134], and biomimetic multispectral curved compound eye camera[135]

Multidimensional detector Dispersion-assisted high-dimensional photodetector[136], broadband hyperspectral image
sensor[137], and spectrometer with electrochromic modulation[138]

Wu et al.: Emerging coding methods for computational imaging
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Before the advent of digital image sensors, image processing
was primarily performed using analog circuits, optical devices,
or chemical methods. The digital image sensor is a bridge of
optical and digital world, propelling the development of image
processing and further giving rise to computational imaging.
Conventional optical devices are bulky and have limited modu-
lation parameter space, thereby restricting the development of
optical encoding theory and application. There is an urgent need
for light modulation devices that allow the free design of encod-
ing methods.

In recent years, advances in micro-nano materials and fabri-
cation techniques, together with deep-learning-driven inverse
design of optical systems, have been transforming optical engi-
neering[139,140]. For example, diffractive optical processors based
on DOEs and metasurfaces composed of subwavelength unit
cells enable precise and customized modulation of optical fields,
thereby facilitating the development of computational imaging,
optical information processing, photonic computing, and other
applications[86,87,89,141–143]. These micro-nano optical devices
promise to serve as another bridge between the optical and dig-
ital worlds, promoting the deployment of encoding models in
optical systems.

Encoding is essentially a mapping process that is realized
through computation. Complex computations commonly enhance
the encoding capability. As shown in Fig. 5, diffractive deep neu-
ral networks (D2NNs) and metamaterials have an extensive
parameter space and are capable of performing complex compu-
tations. Complex encoding models can be deployed in optical net-
works, enhancing imaging performance. For example, Shi et al.
employed diffractive optical network encoding and electronic
neural network decoding for high-dynamic all-focus imaging[146].
Some research demonstrates all-optical imaging with diffractive
encoding and decoding, where the diffractive decoder can per-
form instantaneous image reconstruction with performance sur-
passing that of DNN-based digital decoders[147,148]. These advances
further imply that computation is introduced not only in the
reconstruction process, but also during the image-gathering pro-
cess. Consequently, the encoding–decoding paradigm has been
evolving from a conceptual representation to practical implemen-
tation within computational imaging systems. In this context, we
can seek inspiration from information theory and computer sci-
ence to form a universal and scalable imaging framework for fur-
ther advancing the development of computational imaging.

Optical encoding plays a pivotal role in computational imag-
ing. We survey the recent literature on computational imaging
and note that the emerging encoding methods are primarily

driven by optical element parameter optimization tools,
micro-nano manufacturing, and non-classical properties of light.
The research in these areas still demonstrates great potential for
rapid advancement in the future.

3. Emerging Coding Methods

3.1. Differentiable Optics Modeling, End-to-End
Optimization, and Inverse Design

3.1.1. Concepts and principles

The core of differentiable optics modeling lies in describing
an optical system using mathematical models and con-
verting its physical parameters into differentiable tensors or
variables[17,149,150]. In this way, the entire optical process can be
formulated as a continuous, differentiable computational graph,
thereby supporting gradient-based optimization algorithms.
Differentiable optics modeling involves the physical propaga-
tion of light and its interaction with optical elements. Given
the input field, the Rayleigh–Sommerfeld diffraction formulas
can yield the output field under certain physical conditions.
In most cases, by employing the angular spectrum, Fresnel,
or Fraunhofer diffraction approximations, one can obtain sim-
pler forms of light propagation formulas[18]. Optical element
parameterization refers to the transformation of physical quan-
tities, including those describing geometric shapes, optical prop-
erties, and systematic errors, into parameters that can be
optimized via gradient descent. Examples include the focal
length of a thin lens, Zernike polynomial coefficients describing
wavefront aberrations, transmittance values at each position of a
programmable aperture, phase modulation values of individual
pixels on LC-SLMs, structured light encoding patterns, and
parameters of noise probability distributions.

The joint design of optical encoding and computational de-
coding is the core concept of computational imaging. End-to-
end optimization is an emerging research direction of the joint
design concept, enabling the convergence of optical elements
and algorithms. Specifically, in an image gathering system, each
optical element is modeled as an optical layer with learnable
parameters, forming a fully differentiable encoder composed
of multiple layers:

y � Hϕx� ω; (2)

where Hϕ denotes the optical encoder, x represents the high-
dimensional scene signal, y is the encoded measurement, and

Fig. 5 (a) Wave-based metamaterial computing, reproduced with permission from AAAS[144].
(b) Different types of D2NNs: classifier and imager, reproduced with permission from AAAS[145].
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ω represents the additive noise. Hϕ involves light propagation,
light modulation with optical elements ϕ � fϕlgl�1;2;���;n, and
the sensing process of the detector. When employing a DNN
as the decoder, the parameters of both the encoder and decoder
can be optimized in an end-to-end manner using the backpro-
pagation algorithm and datasets:

fθ�;ϕ�g � arg min
ϕ;θ

1

K

XK

k�1

L�Mθ�Hϕxk�; dk	

� ρRρ�ϕ� � σRσ�θ�; (3)

where fϕ�; θ�g represents the optimal parameters of the encoder
Hϕ and the decoder Mθ, respectively, fxk; dkgK1 denotes the
training dataset, L denotes the loss function, Rρ�ϕ� and
Rσ�θ� are the regularization functions that act in the parameters
of the encoder and the decoder, respectively, and ρ and σ are the
regularization parameters[151,152].

Differentiable optics and end-to-end optimization can param-
eterize noise, errors, and manufacturing defects, model complex
physical processes, and further strengthen the integration of op-
tical encoding and computational decoding, promising to play
a key role in advancing the development of computational
imaging[17].

As the functional complexity and design freedom of optical
systems increase, researchers have introduced inverse design
strategies to enhance optical modulation performance[153].
Inverse design refers to starting from the desired imaging effect
or task objective and inferring the required system parameters or
structures by solving an optimization problem. When explicit
solutions are difficult to obtain through forward design, optimi-
zation algorithms can automatically generate design solutions
that meet the requirements. End-to-end optimization based on
differentiable optics is an important implementation of inverse
design. Evolutionary optimization is another class of numerical
optimization methods for inverse design that emulates the
behavior of biological populations and operates without relying
on gradient information. Widely used evolutionary optimization
methods include genetic algorithms, ant-colony optimization,
and particle swarm optimization. For example, Zhu et al. lever-
aged a multi-social genetic algorithm to design the speckle pat-
terns modulated by DMDs[154].

3.1.2. Implementations and applications

After the simulation design based on differentiable optics or
evolutionary optimization is completed, optical elements will
be manufactured and assembled according to the learned param-
eters. Due to factors such as the manufacturing defect, there are
often discrepancies or mismatches between simulated designs
and actual optical fabrication. The response of the actual optical
system can be characterized by measuring the point spread func-
tion (PSF) and other methods. By fine-tuning the decoder, that
is, retraining the DNN weights using a small set of measure-
ments from real scenes, the network performance can be opti-
mized, thereby enhancing the system’s robustness and fidelity
in practical applications[151]. For example, Zheng et al. proposed
a novel method termed neural lithography to address the gap
between design and fabrication in the field of computational op-
tics[155]. They built a physics-based neural network to serve as a
differentiable digital twin model of the lithography system and
trained it using a dataset collected experimentally. The effective-
ness of the proposed method was verified through experiments

in designing and fabricating holographic optical elements
(HOEs) and multilevel diffractive lenses (MDLs).

In recent years, the end-to-end optimization framework has
garnered widespread attention and has been applied in numer-
ous computational imaging tasks. For example, Jacome et al.
used a set of regularization functions to improve the design
of optical coding elements in the end-to-end optimization frame-
work [Fig. 6(a)][152]. The proposed method was validated on a
single-pixel camera and coded aperture snapshot spectral
imager. Arya et al. embedded an iterative and non-approximated
compressed sensing reconstruction algorithm into the end-to-
end optimization pipeline to optimize the metasurface structures
[Fig. 6(b)][156]. The experimental results in single-channel imag-
ing and high-resolution 3D imaging demonstrate that the opti-
mized metasurface achieves a significant improvement in
performance compared to random scattering surfaces. Chen
et al. parameterized defocusing and illumination amplitude
variation in holographic imaging [Fig. 6(c)][157]. Seong et al. uti-
lized the end-to-end framework to jointly optimize the binary
phase filter (BPF) and the reconstruction algorithm for extended
DoF microscopy [Fig. 6(d)][158]. Shao et al. proposed wave-
length-multiplexed multimode extreme ultraviolet (EUV) re-
flection ptychography based on automatic differentiation
(AD), demonstrating powerful capabilities of AD in handling
complex physical processes and experimental uncertainties[159].
The end-to-end optimization paradigm has also been applied to
other kinds of optical elements and various applications, includ-
ing HDR imaging, microscopic imaging, large FoV imaging,
and time-of-flight (ToF)[18].

However, due to the inherent characteristics of deep learning,
end-to-end optimization frameworks face challenges in terms of
generalization, interpretability, and robustness. The hardware
implementation of the optimal encoding scheme obtained
through training may be affected by manufacturing precision,
noise, and system imperfections. Changing tasks or application
scenarios may require retraining and reconfiguring the optical
encoding scheme, which imposes high demands on hardware
reconfigurability and results in low system update efficiency
and high maintenance costs. New methods are required to tackle
these challenges.

3.2. Coding with Advanced Materials and Devices

3.2.1. Integrated design

Recent research demonstrates the trend toward miniaturization
and integration in optical systems. Advancements in materials
science and micro-nano fabrication technologies have enabled
optical modulation to eliminate the need for bulky, multi-
element optical systems, favoring instead compact and inte-
grated architectures.

Integrated and miniaturized structured light modulation tech-
niques have garnered increasing attention, holding promise for
new opportunities in fields such as imaging[160]. For example,
Lyu et al. utilized metasurface subwavelength structures to
precisely control phase and dispersion, achieving high-density
multi-wavelength dot array projection, which significantly
enhances the resolution and accuracy of 3D imaging[161]. Lin
et al. attached a photonic integrated circuit (PIC) to a standard
wide-field microscope to improve QPI[162]. The PIC enables
switchable illumination without mechanical movement and
provides oblique illumination beams at precise angles, signifi-
cantly reducing the phase noise. Nanophotonic approaches
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are advancing the miniaturization and high-performance of
LiDAR systems through technologies such as PICs, optical
phased antenna arrays, and metasurface-based planar optical
devices[72,163].

With the advancement of semiconductor manufacturing
technology, as shown in Fig. 7, many functionalities that con-
ventionally relied on complex optical systems can now be
directly implemented at the chip level of image sensors. To a
certain extent, new sensors are on the verge of emerging. Fan
et al. designed a thin-film structure with spatial dispersion (non-
local effects) that can encode different polarization and spectral
information into the wave vector space[136]. The optical field in-
formation is then decoded using a deep residual network
(ResNet). This thin-film approach offers a new pathway for
the development of ultra-compact and ultra-wideband imagers.
Wang et al. achieved simultaneous encoding of spectral and
polarization information by utilizing the nonlocal dispersion
characteristics of optically active materials[165]. Bian et al. fab-
ricated a broadband multispectral filter array (BMSFA) mask
using photolithography, with different broadband spectral
modulation materials distributed at distinct spatial locations[137].
This mask is integrated into a monochrome image sensor and is
capable of encoding high-dimensional hyperspectral informa-
tion into single-shot measurements. Additionally, they devel-
oped a lightweight yet high-performance neural network to
reconstruct hyperspectral images from each frame with high
fidelity and efficiency. Extensive experiments demonstrated
the superiority of the developed hyperspectral imaging sensor
over conventional hyperspectral cameras in terms of high spa-
tial–spectral resolution, wide spectral response range, and real-
time imaging. Wu et al. bonded a vibrating coded microlens
array onto a conventional complementary metal–oxide semicon-
ductor (CMOS) sensor to improve spatial sampling density,
achieving high-speed aberration-corrected 3D photography

[Fig. 7(a)][164]. Tian et al. integrated an electrochromic filter ar-
ray on top of a CMOS sensor and increased the sampling num-
ber by tuning the transmission spectra [Fig. 7(c)][138]. This
technology allows for improving spectral resolution without in-
creasing the number of filters. They also mentioned the potential
use of other electrochromic materials, as well as photochromic,
force-chromic, and thermochromic materials, to achieve spectral
modulation. He et al. integrated an optical spacer into a photo-
multiplier-type organic photodetector (PM-OPD) to achieve
electrically tunable spectral response, enabling the capture of the
incident spectrum through photocurrent measurement and com-
putational reconstruction using a single device[166]. Zuo et al.
achieved single-shot full-Stokes polarization imaging by inte-
grating an ultrathin metasurface polarization filter array onto
a visible light imaging sensor [Fig. 7(b)][88]. Tang et al. modu-
lated the wavelength and polarization resonances of the moiré
photonic crystal sensor by changing the interlayer distance and
twist angle using integrated MEMS actuators, enabling both hy-
perspectral and hyperpolarimetric imaging in a single sensor[167].

Compared with modular optical systems, the integrated sys-
tems exhibit reduced configurability and tunability, limiting
their adaptability to different tasks or application scenarios.
Moreover, micro-nano structures exhibit high susceptibility
to environmental variations such as temperature, humidity,
and mechanical disturbances, with even slight deformations
resulting in significant degradation of optical performance.
Nevertheless, innovative computational algorithms promise to
alleviate these challenges and lead to performance improve-
ment. Owing to their compactness, lightweight structure, and
low power consumption, these imaging systems are particularly
suitable for deployment on resource-constrained platforms such
as drones and portable instruments. This trend is likely to shape
the future of optical modulation, facilitating the widespread
application of computational imaging.

Fig. 6 End-to-end optimization for computational imaging. (a) End-to-end scheme where the op-
tical encoder is optimized jointly with the computational decoder network, reproduced with per-
mission from Optica Publishing Group[152]. (b) A compressed sensing minimization problem is
nested within the end-to-end optimization pipeline for a metasurface imaging system, reproduced
with permission from ACS[156]. (c) Realistic factors in a typical holography system that may affect
the modeling. ∂H models and retrieves some of these parameters, reproduced with permission
from John Wiley & Sons[157]. (d) An axi-symmetric BPF and an image reconstruction network are
jointly learned through the physics-informed neural network, reproduced with permission from
Springer Nature[158].
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3.2.2. Bio-inspired imaging

Bio-inspired imaging is an artificial imaging technology that
imitates the structures and functionalities of biological vision
systems. By drawing inspiration from biological eyes in nature,
researchers develop imaging systems with unique properties to
address issues present in conventional imaging.

In the natural world, many animals have visual systems with
unique structures and functionalities that allow them to adapt to
the survival demands of different environments. Choi et al. thor-
oughly discussed the research of developing a variety of elec-
tronic eyes by mimicking key components and underlying
optical principles of natural visual systems[168]. These electronic
eyes incorporate innovative optical elements, such as change-
able aperture, hemispherical image sensors, and artificial light
reflectors, which enable features like wide-angle viewing, high
resolution, and high sensitivity under low-light conditions.
Figure 8 shows several recent breakthroughs in bio-inspired im-
aging. By referring to the structures of animal eyes, Hong et al.
designed lightguide arrays with multiple shapes and manufac-
tured them using 3D printing technology, achieving high spatial
resolution and high spectral resolution imaging [Fig. 8(a)][169].
Majorel et al. mimicked the optical functionalities of dragonfly
compound eyes by integrating directional metalens arrays on a
planar surface, achieving 3D imaging with wide FoV and high
directional selectivity [Fig. 8(b)][170]. This approach overcomes
the challenges of optical distortion and manufacturing complex-
ity associated with conventional curved microlens arrays

inspired by insect eyes. Pan et al. introduced a novel organic
single-crystal phototransistor that features adaptive polarization
response [Fig. 8(c)][171]. This device can mimic the polarization
perception behavior of nocturnal insects under low-light condi-
tions, providing new insights for the development of high-
performance polarization detectors and bionic vision systems.
Chen et al. introduced a bio-inspired CMOS imaging sensor
enhanced by vertically stacked photodiodes and perovskite
nanocrystals, enabling wavelength-resolved imaging in the ul-
traviolet spectral range [Fig. 8(d)][172]. This design was inspired
by the visual system of Papilio xuthus, which can detect subtle
changes in the ultraviolet spectrum. This sensor has potential
applications in medical imaging, military target tracking, remote
sensing, and industrial automation.

New materials and micro-nano fabrication technologies have
played a crucial role in advancing the development of bio-in-
spired imaging systems. Empowered by AI, the convergence
of bio-inspired computational imaging and neuromorphic vision
sensors is expected to achieve breakthroughs in high-speed and
energy-efficient imaging, creating new opportunities for many
applications.

3.3. Coding on Unconventional Light Properties

Quantum imaging, by harnessing the quantum properties of
light such as squeezed light, entangled two-photon states, un-
detected photons, and single-photon states, promises to surpass

Fig. 7 Integrated and compact optical modulation systems. (a) The meta-imaging sensor (meta
sensor) integrates four main elements, reproduced with permission from Springer Nature[164].
(b) Image of full Stokes polarimetric CMOS imaging sensor, reproduced with permission from
Springer Nature[88]. (c) Principle of the electrochromic computational on-chip spectrometer, repro-
duced with permission from Springer Nature[138].
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Fig. 8 Bio-inspired imaging systems. (a) Experimental setup for evaluating the performance of the
proposed high-resolution snapshot hyperspectral imaging system, reproduced with permission
from John Wiley & Sons[169]. (b) Schematic representation of the metalens array detector and the
LiDAR scanning device, reproduced with permission from Springer Nature[170]. (c) Schematic
illustration of the device structure of the polarization-sensitive organic phototransistor
(POL-OPT), reproduced with permission from John Wiley & Sons[171]. (d) Block diagram showing
the perovskite nanocrystal (PNC) layer and vertically stacked photodiodes. Images of the PNC-
coated sensor and 13 nm cubic PNCs, reproduced with permission from AAAS[172].

Fig. 9 Quantum imaging systems. (a) Experimental setup for adaptive optical imaging with en-
tangled photons, reproduced with permission from AAAS[173]. (b) Schematic of non-interferometric
quantum-enhanced phase-imaging, reproduced with permission from Springer Nature[176].
(c) Experimental setup schematics for quantum imaging of biological organisms through spatial
and polarization entanglement, reproduced with permission from AAAS[177].
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the fundamental physical limits of classical optics, improving
resolution and sensitivity, reducing background noise, and
delivering exciting new possibilities[41]. As shown in Fig. 9,
the combination of quantum imaging and computational meth-
ods has led to notable advances, further unlocking the potential
of quantum imaging in various applications.

Cameron et al. proposed quantum-assisted adaptive optics
that utilizes the spatial correlations of entangled photon pairs
to directly correct the PSF of the imaging system [Fig. 9(a)][173].
Experiments showed that it performs better than conventional
adaptive optics methods in correcting specific aberrations.
Zhang et al. proposed quantum correlation hyperspectral imag-
ing that leverages the inherent spectral–temporal correlations of
entangled photons to obtain spectral information from the part-
ner photons[174]. This technique enables the acquisition of spec-
tral information without compromising spatial resolution, and
all photons participate in the imaging process, thereby improv-
ing the efficiency of resource utilization. Pitsch et al. used a
single-photon avalanche diode (SPAD) detector array to
directly measure the temporal and spatial information of single
photons, and they matched entangled photon pairs through time-
stamp comparison, achieving 3D quantum ghost imaging[175].
Ortolano et al. conducted experiments using signal and idler
photon pairs generated by the spontaneous down-conversion
process (SPDC), with the signal photons used to probe the target
and the idler photons serving as a noise reference [Fig. 9(b)][176].
They measured the intensity at two different positions and
achieved non-interferometric QPI based on the transport of in-
tensity equation (TIE). Zhang et al. proposed quantum imaging
by coincidence from entanglement that leverages spatial entan-
glement to enhance the SNR and increase the number of resolv-
able pixels [Fig. 9(c)][177]. Additionally, through polarization
entanglement, this method enables the remote and instantaneous
quantification of the principal refractive index axis angle of an
object. Mavian et al. achieved high-resolution and high-contrast
quantum ghost imaging at extremely low light levels using a
single-photon-sensitive time-stamping camera[178]. Currently,
quantum imaging still faces several challenges, including high
experimental complexity, low detection efficiency, and high
cost. Most techniques remain at the laboratory research stage
and lack engineering practicality.

When light propagates with a helical phase wavefront, it has
orbital angular momentum (OAM). OAM provides a new de-
gree of freedom of light and has been utilized in optical com-
munication, photonic computing, and optical imaging[179].
Recent research has demonstrated that OAM possesses distinct
advantages for information encoding and improving imaging
performance in interferometry, holography, SPI, and micros-
copy[179–181]. With the advancement of modulation technology,
OAM is set to play an increasingly significant role in imaging
applications.

4. Summary and Prospect
Computational imaging leverages the joint design of optical en-
coding and computational decoding to overcome the physical
limits of conventional imaging, thereby improving imaging per-
formance and enabling new functionalities. Information-
theoretic analysis of imaging model and advances in optical
modulation technology have led to the development of diverse
optical encoding methods. Driven by deep learning, differentia-
ble optics and end-to-end optimization enable precise model-
ing of complex imaging processes and automated optimization

of optical element parameters. Advances in material science
and fabrication techniques accelerate the development of inte-
grated, miniaturized, and high-performance imaging systems.
Moreover, the non-classical properties of light introduce new
degrees of freedom for imaging and demonstrate distinct advan-
tages in specific applications. These encoding methods have
gained widespread attention, found diverse applications, and
shown great potential for further research.

In nature, animal visual systems have evolved a wide array of
structures and functionalities in different environments to meet
survival needs. The diverse optical encoding methods make it
possible to design and implement specialized cameras for visual
tasks in a wide range of application scenarios, including ro-
botics, medical diagnosis, and industrial automation. Future im-
aging systems tend to transmit the most relevant information for
a given task rather than capture full images, which can signifi-
cantly enhance speed, energy efficiency, and interpretability.
Neuromorphic vision sensors emulate the functionality of the
human retina and achieve highly efficient visual information
processing by responding to changes in pixel intensity. The con-
vergence of computational imaging and neuromorphic cameras
holds promise for breakthroughs in ultra-low latency and low-
power imaging, as well as improving imaging performance
under challenging lighting or weather conditions.

In addition, computational imaging has demonstrated great
potential in scientific discoveries. For example, scientists lever-
aged a global network of radio telescopes and image
reconstruction algorithms to capture the first image of a black
hole. Future scientific imaging will draw inspiration from
embodied AI and will intelligently and dynamically optimize
encoding methods based on the interpretation of physical phe-
nomena. This paradigm can enhance the immediate response
ability of the imaging systems to weak and transient signals,
promising to facilitate the research in dynamic biological proc-
esses and extreme physical phenomena.
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