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From performance to structure: a
comprehensive survey of advanced
metasurface design for next-generation
imaging
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This review introducesa ‘fromperformance to structure’ imagingmetasurfacedesignparadigm,which
starts with essential imaging specifications and translates them into corresponding electromagnetic
requirements. These requirements are then mapped onto specialized metasurface microstructures,
ensuring precise electromagnetic response control. Artificial intelligence (AI) serves as a unifying
thread by accelerating inverse design through efficient navigation of high-dimensional parameter
spaces and by enhancing imaging performance via AI-driven computational reconstruction
algorithms. We synthesize the remarkable performance of metasurfaces across six electromagnetic
response control methods in nine imaging domains and categorize three main design approaches—
physically-driven, meta-heuristic, and AI-driven methods—while providing a detailed analysis of six
primary encoding and decoding strategies and eight common AI techniques. Additionally, nine
prospective research directions are highlighted. The review emphasizes that future metasurface
imaging systemswill leverage electromagnetic response control to link performancewithmetasurface
structure, with AI technology playing a central role in this process.

Imaging technology is fundamental to a wide range of scientific and
industrial domains, significantly advancing humanity’s ability to explore
both the microscopic and cosmic scales. From revealing molecular details
within the human body to observing distant celestial phenomena, imaging
technology has played a crucial role in driving breakthroughs in medicine,
astrophysics, security, and more. Traditional optical systems, which are
mainly based on refractive and diffractive elements, have been instrumental
in enabling multidimensional high-resolution data capture1,2. However,
these systems are often burdened with inherent limitations, such as bulki-
ness, material dispersion, and manufacturing complexities. Although
computational imaging3–5 has partially mitigated these constraints through
algorithmic post-processing, persistent bulkiness and performance limits
continue to pose significant challenges.

Metasurface technology, distinguished by its exceptional ability to
manipulate broad electromagnetic properties on a subwavelength scale, has
emerged as a promising solution to overcome these long-standing barriers
in optical imaging6–8. Unlike traditional optics, which relies primarily on
refraction or reflection, metasurfaces precisely control electromagnetic
waves at the subwavelength scale through carefully engineered

nanostructures, enabling multifunctional optical responses. These nanos-
tructures enable tunable control over various electromagnetic responses,
offering the potential for ultrathin devices with significantly enhanced
functionality. As a subclass of metasurfaces tailored for focusing tasks,
metalenses are treated in this work under a consistent terminology frame-
work. By eliminating bulky refractive components and confining optical
interactions to the surface, metasurfaces foster new functionalities, such as
achromatic imaging, expanded field of view imaging, expanded depth of
field imaging, resolution enhancement imaging,multidimensional imaging,
optical feature enhancement imaging, holographic imaging, functional
integration imaging and compact integration imaging, all achievedwithin a
compact optical layer9–11. Especially in recent years, breakthroughs, such as
reconfigurable metasurfaces based on phase-change materials12–15, and
high-throughput nanoprinting techniques capable of achieving sub-100 nm
resolution across centimeter-scale areas16–19, have greatly improved the
tunability, scalability, and manufacturability of metasurface imaging sys-
tems, further strengthening their prospects for next-generation imaging.

Beyond their compact nature, the primary advantage of metasurfaces
in imaging systems lies in their capacity for finely tuned electromagnetic
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control20–22. By correlating specific imaging requirements with carefully
defined electromagnetic responses, metasurface designers can determine
the optimal material choices, metaatom geometries, and spatial arrange-
ments. This systematic connection between high-level imaging goals and
subwavelength-scale wavefront manipulation ensures that the resulting
device meets the desired specifications. Through this structured approach,
researchers can minimize guesswork and develop metasurface-based ima-
ging solutions capable of exceeding the limits of traditional optical systems.

Despite the advantages, several challenges remain to realize the full
potential ofmetasurfaces in imaging applications23. Designingmetasurfaces
for imaging, particularly those requiring free-form geometries, multi-
dimensional wavefront control, or high degrees of freedom, often involves
navigating vast and highly nonlinear design spaces. In such spaces, a single
set of performancemetrics can correspond to numerous possible nanoscale
configurations. Traditional methods, which rely on trial-and-error or local
optimization, struggle to capture the full complexity of these multi-
parameter interactions,making it difficult to identify solutions that satisfy all
specifications simultaneously. In response to these challenges, AI has
emerged as a key enabler to translate high-level imaging requirements into
viable metasurface designs24–29. Machine learning and evolutionary algo-
rithms can efficiently explore large parameter spaces, predict complex
electromagnetic responses with minimal manual intervention, and accel-
erate the design cycle. Furthermore,AI-drivenmodels not only optimize the
microstructural layout but can extend to image reconstruction or correction
tasks in metasurface-based imaging systems, reducing aberrations and
enhancing imaging quality.

Building on these perspectives, this review consolidates the imaging
metasurface design into a unified three-stage framework (Fig.1): imaging
performance specification, electromagnetic response control, and meta-
surface structure design. By transitioning fromabstract imaging objectives
to precise electromagnetic constraints and then to detailed structural
designs, the “from performance to structure” paradigm provides an effi-
cient roadmap for translating high-level functional demands into tangible
metasurface implementations. Furthermore, this review synthesizes the
impressive performance of metasurfaces across six electromagnetic
response control methods in nine imaging domains, categorizing three
primary design approaches: physically driven, meta-heuristic, and AI-
driven, and analyzing six primary encoding strategies and eight common
AI techniques. In addition to this structured approach, we explore nine
prospective research directions: end-to-end metasurface design, multi-
objective metasurface design, manufacturing-aware metasurface design,
fast solver-aided metasurface design, large-area metasurface design,
metasurface array design, cascaded metasurface design, dynamic tunable
metasurface design, and hybrid optics and metasurface design. These
directions underscore the continued evolution of metasurface technology
and its potential to shape next-generation imaging systems with sig-
nificantly expanded capabilities, with AI technology playing an increas-
ingly crucial role in translating performance specifications into optimized
imaging metasurface systems.

Imaging performance specification
Imaging performance specifications serve as the cornerstone for guiding
metasurface design, delineating the required imaging metrics, such as
chromatic aberration correction, expanded field of view, depth of field
extension, resolution enhancement, multidimensional data capture, optical
feature enhancement, holographic field reconstruction, functional integra-
tion, and compact device integration across nine distinct imaging domains.
These specifications not only define the ultimate performance objectives of
the imaging system but also provide clear targets for the manipulation of
electromagnetic responses, ensuring that the design process is both focused
and actionable. By systematically translating high-level imaging require-
ments into specific design objectives, researchers can leverage the unique
capabilities of metasurfaces to achieve remarkable performance in these
domains. This sectionwill comprehensively explore the role ofmetasurfaces
in realizing exceptional performance across these nine imaging domains,

emphasizing how the ability to manipulate electromagnetic properties on a
subwavelength scale enables breakthroughs in imaging system.

Chromatic aberration correction
Chromatic aberration occurs when different wavelengths of light fail to
converge at the same focal point, resulting in blurred or color-fringed
images. Traditional optical systems often rely on multi-element lenses with
varying refractive indices to correct for chromatic dispersion. Although
effective, these systems tend to be bulky and complex.Metasurfaces provide
a compact alternative, achieving this by precisely controlling the phase of
different wavelengths, which enables the simplification of optical assemblies
and enhances achromatic imaging capabilities. However, despite these
notable advantages, metasurfaces face persistent challenges, such as the
resonant dispersion of individual nanoantennas and the intrinsic dispersion
of planar devices, both of which continue to impede the realization of high-
quality imaging30,31. Consequently, recent research has focused on both
refining conventional strategies and developing novel solutions, such as
hybrid optical integration, inverse design, and deep learning, to improve the
efficiency and versatility of chromatic aberration correction.

To achieve broadband achromatic focusing, the required phase profile
must satisfy:

ϕðr; λÞ ¼ 2π
λ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
r2 þ f 2

q
� f

� �
;

where r is the radial coordinate and f is the focal length. Minimizing
chromatic aberration requires

∂ϕ

∂λ
� 0;

which places strong constraints on the wavelength dependence of both the
material dispersion and themeta-atomgeometry. These equations form the
theoretical foundation for evaluating and designing chromatic aberration
correction inmetasurface systems. From the first-principles perspective, the
chromatic dispersion behavior of metasurfaces arises from two primary
sources: material dispersion and geometric dispersion. The total phase
imparted by a meta-atom can be decomposed as

ϕðλÞ ¼ ϕmatðλÞ þ ϕgeomðλÞ;

where ϕmat originates from the intrinsic wavelength dependence of the
refractive index, and ϕgeom results from the effective optical path difference
governed by the geometry of the nanostructure. For instance, high-aspect-
ratio TiO2 nanopillars behave as truncated waveguides whose modal
effective indices vary with wavelength, giving rise to a strong and
controllable ∂ϕ

∂λ
32. In contrast, Pancharatnam-Berry (PB) phase-based

metasurfaces achieve phase control via in-plane rotation of anisotropic
structures, yielding inherently dispersion-free (but polarization-dependent)
response. Broadband achromatic metasurface designs often exploit hybrid
mechanisms—e.g., stacking multiple metasurfaces, combining geometric
and resonant phase components, or integrating with refractive optics—to
cancel dispersion across multiple wavelengths30. These approaches aim to
engineer the total phase response such that ∂ϕ

∂λ � 0 is satisfied globally or
locally, thereby achieving efficient achromatic focusing.

Early efforts in metasurface-based chromatic correction focused pri-
marily on phase compensation to align focal points across different
wavelengths33. For instance, titanium dioxide (TiO2) nanopillars have been
employed to achieve broadband achromatic focusing over the 490–550 nm
range34, while geometric phase control has enabled achromatic performance
from 1200 to 1680 nm33, as shown in Fig. 2a. To further enhance dispersion
management, researchers have explored stacking multiple metasurfaces,
thereby distributing the overall dispersion control acrossmultiple layers35,36,
as illustrated in Fig. 2b. Beyond cascaded configurations, other advanced
phase compensation methods have also been developed to address
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chromatic aberration correction, with a focus on broadband, polarization-
insensitive, and high-efficiency operation. For example, Ndao et al.37

introduced a broadband achromatic metalens based on a photonic fishnet
structure, demonstrating an average efficiency above 70%over a continuous
spectral range from 640 to 1200 nm. Similarly, Chen et al.38 and Heiden

et al.39 reported polarization-insensitive achromatic metalenses, under-
scoring the versatility of metasurface-based designs. Building on these
developments, Wang et al.40 presented a high-efficiency broadband achro-
matic metalens optimized for the near-infrared biological imaging window.
By employing TiO2 nanopillars with high aspect ratios, they achieved an

Fig. 1 | Comprehensive design framework for metasurface applications in ima-
ging, encompassing three key stages: imaging performance specification, elec-
tromagnetic response control, andmetasurface structure design. This framework
outlines a systematic approach where imaging performance requirements define the

necessary electromagnetic controls, which in turn guide the structural design of
metasurfaces. Additionally, the framework highlights potential future directions,
underscoring the pivotal challenges and opportunities in metasurface design for
imaging applications.
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average efficiency of 77.1–88.5%. Furthermore, hybrid metasurface-
refractive optics have been introduced to combine traditional optical
components with metasurfaces for superior chromatic aberration correc-
tion, Liu et al.41 designed a hybrid meta-optics doublet for long-wave
infrared imaging, effectively mitigating chromatic and coma aberrations by
integrating a metasurface corrector with a refractive lens, featuring a full
field-of-view angle surpassing 20° within the 8–12 μmwavelength range, as
shown in Fig. 2c.

Recent advancements have shifted toward algorithmically optimized
imaging metasurface systems, employing both inverse design42–44 and deep
learning45–48 techniques. Inverse design has been used to realize metalenses
with an extended depth of focus and a stable point spread function over a
wide bandwidth (Fig. 2d)42, while genetic algorithms have further enabled
achromatic performance spanning 400–1100 nm. These computational
strategies are complemented by deep learning approaches, such as
autoencoder-based models that correct color distortions (Fig. 2e)45. Fur-
thermore, comprehensive image transformation models have been pro-
posed to correct color fringes and enhance resolution in single-wavelength-

optimized devices (Fig. 2f)46. Despite these advances, robust achromatic
performance across various imaging bands—infrared40,41,49, visible
light45,47,48, and terahertz50,51—still requires balancing efficiency, bandwidth,
and manufacturability52,53.

Looking ahead, metasurface-based chromatic aberration correction is
poised to achieve broader spectral coverage and more continuous wave-
length compensation, encompassing regions from the ultraviolet54 to the
near-infrared55,56. Meeting this goal will require maintaining high imaging
consistency across wide spectral ranges, while also addressing the com-
plexity of retaining efficiency and precise focusing for multiple wavelength
bands. Additionally, controlling the interference caused bymulti-band light
within a single metasurface structure remains a significant challenge. To
overcome these obstacles, future achromatic imaging metasurface system
will likely integrate multi-layer architectures, composite materials, and
advanced optimization frameworks, particularly those driven by AI. Such
approaches will enable more precise phase control, elevated efficiency, and
real-time reconfiguration of metasurface parameters, making them well-
suited for demanding applications.

Fig. 2 | Metasurface applications for chromatic aberration correction.
a Broadband achromatic optical metasurface devices, enabling achromatic perfor-
mance from 1200 to 1680 nm33: i. Schematic for chromatic (left) and achromatic
(right) metalenses; ii. Phase profile for broadband achromatic metalens at an arbi-
trary wavelength. b Cascaded metasurfaces for enhanced broadband correction35:
i. Artist’s view of the three-layer lens; ii. Schematic illustration of the layered
structure. cCombining traditional optics withmetasurfaces, featuring a full field-of-

view angle surpassing 20° within the 8–12 μm wavelength range41. d Application of
inverse design techniques42: i Scanning electron micrograph of inverse-designed
metaoptics; ii. Zoom-in scanning electron micrograph of metaoptics; iii. Simulated
imaging performance of inverse-designedmetaoptics. eHigh-resolution achromatic
metalens imaging with sequential AI models45. f Achromatic single metalens ima-
ging via deep neural network46.
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Field of view expansion
Expanding the field of view (FOV) is pivotal in numerous imaging appli-
cations as it enhances the system’s capability to capture a broader per-
spective, thereby enriching the informational content and analytical utility
of the images obtained. However, as the FOV increases, challenges, such as
image distortion, aberrations, and resolution loss become more pro-
nounced, especially when aiming to maintain consistent pixel distribution
and resolution across large angular spans. Traditional refractive lenses can
achieve broader FOV by employing multi-element assemblies, but these
systems often become bulky and prone to optical distortions. For instance,
standard photographic lenses typically offer a FOVof around 45°, telephoto
lenses provide less than 40°, and wide-angle lenses may exceed 60°. In
contrast, metasurfaces present a more compact solution by modulating the
phase of incident light within a single or few layers, potentially enabling
wide-angle imagingwithout significant performance trade-offs. This section
reviews recent developments in wide-FOV metasurfaces, beginning with
innovations in single-layer, double-layer, and metasurface array designs,
then discussing advances in inverse design and deep learning, and con-
cluding with theoretical constraints on device thickness and angular
coverage.

A fundamental constraint on FOV expansion in metasurface optics
arises from the off-axis focusing condition. For a metasurface designed to
focus at angle θ, the required local phase profile must satisfy:

ϕðxÞ ¼ �k x sin θ þ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
x2 þ f 2

q
� f

� �
;

where k = 2π/λ, x is the lateral position, f is the focal length, and θ is the off-
axis angle. As θ increases, phase discontinuities become more severe,
requiring higher spatial phase gradients and increasing susceptibility to
aberrations. This formulation sets the theoretical basis for evaluating
angular limitations, aberration accumulation, and device thickness
constraints in wide-FOV metasurface designs. Recent advancements in
single-layer metalenses have demonstrated their potential for wide-angle
imaging without significant losses in resolution or efficiency. For example,
one study developed a fisheye metalens with a FOV exceeding 170°,
correcting third-order aberrations and achieving a Strehl ratio above 0.857

(Fig. 3a).Another approach introduced an aberration-compensatedflat lens
covering a 32° FOV, effectively addressing both spherical and monochro-
matic aberrations58. Furthermore, efforts to relax diffraction-limited
constraints have enabled FOVs larger than 170°, making such metalenses
suitable for smartphones and virtual reality applications59. Other work has
focused on balancing FOV and resolution by applying advanced phase
profiles, achieving FOVs greater than 120° for tasks like fingerprint
detection60. In the infrared domain, polarization-insensitive metalenses
have also been demonstrated, achieving FOVs beyond 100°61.

Beyond single-layer approaches, double-layer metasurfaces have been
employed tomitigate aberrations at large incidence angles62–64. For instance,
a planar camera configuration incorporating a metasurface doublet
achieved near-diffraction-limited performance over a 60° × 60° FOV63 (Fig.
3b). Subsequent work extended this concept to visible wavelengths, cor-
recting both chromatic and monochromatic aberrations64. Additionally,
metasurface arrays have been investigated to expand the FOV: silicon
metalenses integrated with CMOS sensors demonstrated wide-field
microscopy capabilities65 (Fig. 3c), and silicon nitride metalens arrays
achieved over 120° FOV in planar wide-angle cameras66 (Fig. 3d). Fur-
thermore, a bionic compound eye metasurface offering a 120° × 120° FOV
was developed for polarization imaging67.

The incorporation of computational techniques, including inverse
design and deep learning, has further expanded the FOV achievable by
metasurfaces throughoptimizedphase control andgeometry. By combining
optical design software with finite-difference time-domain simulations,
researchers developedanear-infraredHuygensmetalens that preserveshigh
image qualitywithin ±15°68 (Fig. 3e). Using a damped least-squaresmethod,
Fan et al.69 achieved diffraction-limited focusing beyond 170°. Moreover, a

transformer-based neural network has recently been integrated with wide-
FOV metalenses, demonstrating over 100° FOV with a 13.5-fold contrast
enhancement70 (Fig. 3f).

Theoretical analyses of wide-FOV metasurfaces have revealed key
limitations associated with device thickness and angular coverage. For
instance, a thickness constraint for nonlocal metalenses demonstrates the
trade-offs among large incidence angles, device thickness, FOV, and lens
diameter71, emphasizing the delicate balance between angular diversity and
spatial footprint in multi-channel optical systems. Looking ahead,
metasurface-based wide-FOV imaging aims to achieve broader coverage,
enhanced optical performance, and scalable, high-precision fabrication.
Nonetheless, challenges persist, including the difficulty of large-area man-
ufacturing, the trade-off between performance and manufacturability, and
the simultaneous control of aberrations, chromatic dispersion, and focusing
ability. Overcoming these barriers will require continued advances in
nanofabrication, inverse design and computational optimization, multi-
layer architectures, and integrated optical systems. Such innovations will
enable superior performance and drive the practical adoption of meta-
surfaces in a wide range of cutting-edge optical technologies.

Depth of field extension
Achieving a large depth of field (DOF) is essential for maintaining image
clarity across a broad range of object distances. Yet conventional optics
suffer an inherent trade-off: enlarging the DOF usually requires a longer
focal length or a smaller numerical aperture, both of which degrade system
compactness or resolution. Diffraction theory gives the approximate limit

DOF � 2λf 2

NA2 ;

where λ is thewavelength, f the focal length, andNA thenumerical aperture.
This equation encapsulates the DOF-resolution compromise in traditional
lenses.Metasurfaces circumvent this constraint by tailoring thephaseprofile
ϕ(x) at the subwavelength scale to generate axially invariant focal regions—
e.g., via multi-focal, varifocal, or extended-PSF designs—thereby extending
DOF without sacrificing compactness or lateral resolution.

A key strategy for extending the DOF involves exploiting polarization
or other multiplexing methods to enable multi-focal or multi-depth
capabilities72,73 within a single metasurface. For example, spin multiplexing
has been integratedwithmulti-scale convolutional neural networks (CNNs)
in bifocal metalens arrays, allowing simultaneous imaging of both near and
far scenes across an extreme depth range from centimeters to kilometers
(Fig. 4a)74. Polarization-sensitive metalenses have also been employed in
underwater imaging systems; by focusing orthogonal polarizations at dif-
ferent depths, these designs enhance contrast and extend the DOF under
challenging aquatic conditions (Fig. 4b)75. Beyond polarization, additional
multiplexing approaches leverage chromatic dispersion and orbital angular
momentum (OAM). For instance, metasurfaces can exploit dispersion
properties to encode depth information via color, enabling compact 3D
imaging over the visible spectrum (Fig. 4c)76. Another approach utilizes
OAM-based division multiplexing for varifocal imaging without mechan-
ical adjustments, covering focal lengths between 5 and 35mm (Fig. 4d)77.
Recent developments in polarization-insensitive lenses have further
improved robustness under varied illumination conditions: angular mod-
ulation techniques extend the DOF while preserving circular-polarization
invariance (Fig. 4e)78, andmaintain stable focusing over polarization ranges
from 150 to 400mm79.

In addition to multiplexing techniques, inverse design and deep
learning have greatly accelerated the development of metasurfaces with
extendedDOF. For instance, topology-shape optimization has been used to
realize a focal depth 1.54 times the diffraction limit, achieving a focusing
efficiency near 72.6% (Fig. 4f)80. Similarly, adjoint-based optimization
methods have produced cylindrical metasurfaces with DOFs ranging from
1.5 to 2 times those of conventional designs81. Deep learning further refines
these systems: neural networks integrated into underwater binocular
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metalenses have demonstrated micron-level depth accuracy and robust
antifouling capabilities (Fig. 4g)82.

The emergence of compact, multi-functional meta-cameras exem-
plifies howadvancedmetasurface techniques canbe translated into practical
imaging systems. For example, a single-shot 3D depth camera integrates
multiple functionalities—including modulators and lenses—into a single
metasurface, removing the need for multiple exposures or complex
lighting83.Moreover,metasurface cameras capable of passively capturing4D
data (2D all-in-focus intensity, depth, and polarization) in one shot have

been proposed, demonstrating the potential to streamline imaging systems
without sacrificing performance (Fig. 4h)84.

Looking to the future, metasurface designs will increasingly aim to
achieve broader and more continuous DOF ranges, enabling seamless
imaging across varying depths with uniform clarity. Yet significant hurdles
remain, including the need to preserve high resolution and optical efficiency
over extended depth ranges and to control aberrations, such as chromatic
dispersion and focusing errors. To overcome these obstacles, future meta-
surface research will draw upon advanced methods like inverse design,

Fig. 3 |Metasurface applications for the field of view expansion imaging. a Single-
element diffraction-limited fisheye metalens with a FOV exceeding 170°57. bWide-
angle metasurface doublet corrected for monochromatic aberrations63: i. Schematic
drawing of themonolithicmetasurface doublet lens; ii.Modulation transfer function
(MTF) of the metasurface doublet lens; iii. MTF of the singlet lens. cMetalens array-
integrated compact imaging devices for wide-field microscopy65: i. Phase distribu-
tion of the proposed metalens in the x–y plane; ii. Optical microscope image of the
proposed metalens; iii. Photograph of the fabricated 6 × 6 proposed metalens array;
iv. Photograph of the prototype of metalens-integrated imaging device; v. Raw

images of the USAF 1951 resolution chart with LCP (left panel) and RCP (right
panel) illuminations; vi. Stitched image from sub-images of (v) through image
processing. d Planar wide-angle imaging camera enabled by a metalens array66.
e Near-IR wide-field-of-view Huygens metalens68: i. Optical layout and nominal
MTF; ii.Metalens outdoor image. fUltra-wide FOVmeta-camera with transformer-
neural-network, demonstrating over 100° FOV with a 13.5-fold contrast
enhancement70: i. Neural meta-camera mode; ii. Ray-tracing simulation results; iii.
Simulated MTF curves at different FOVs.
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multi-layer architectures, and AI-driven optimization. By employing these
techniques, metasurfaces can extend their DOF without sacrificing perfor-
mance, offering versatile and efficient imaging solutions, especially in
complex environments where precise depth information is paramount.

Resolution enhancement
High-resolution imaging is critical for delivering clear and precise visual
information under diverse conditions85,86. The fundamental resolution limit
of conventional optical systems is set by Abbe’s diffraction criterion:

δ ¼ λ

2NA
;

where δ is theminimum resolvable feature size, λ is the wavelength, andNA
is the numerical aperture. Enhancing resolution thus traditionally requires
increasing NA or reducing λ, both of which lead to larger, more complex
optical assemblies and increased susceptibility to aberrations. Metasurfaces
overcome these trade-offs by enabling precise, subwavelength phase
manipulation in compact, planar platforms. This capability allows for

near- or sub-diffraction-limited focusing, evanescent wave conversion, and
non-diffracting beam shaping, underpinning diverse resolution-enhancing
strategies, such as high-NAmetalens design, super-oscillatory focusing, and
far-field reconstruction of subwavelength features.

Four principal strategies have emerged for enhancing resolution in
metasurface-based imaging.Thefirst involves reducing the focal spot size by
tailoring nanostructures, which can yield sub-diffraction or near-
diffraction-limited performance. Metasurfaces facilitate subwavelength
focusing by precisely controlling the phase at the nanoscale, enabling
resolutions beyond those of traditional high-NAoptics. As illustrated in Fig.
5a, TiO2-based metalenses with high-aspect-ratio nanofins achieve
diffraction-limited focal spots smaller than those of conventional
objectives87. Further gains have been realized through binary amplitude-
phase modulation, enabling super-oscillatory focusing with minimal
sidelobes88. Reflective metalenses employing evanescent-field enhancement
enable multifunctional sub-diffraction focusing89, whereas immersion
metalenses designed for visible wavelengths leverage a high NA to improve
spatial resolution90. Another approach, the “Bessellens,” combines lens and
axicon functionalities to produce non-diffracting beams for super-

Fig. 4 | Metasurface in extending the depth of field in imaging systems.
a Trilobite-inspired neural nanophotonic light-field camera with extreme depth-of-
field74. bMetalens-assisted system for underwater imaging75. c 3D imaging using
extreme dispersion in optical metasurfaces76. d Active multiband varifocal meta-
lenses based on orbital angular momentum division multiplexing, covering focal

lengths between 5 and 35 mm77. e Metasurface lens with angular modulation for
extended depth of focus imaging, focusing over polarization ranges from 150 to
400 mm78. f Designing high-efficiency extended-depth-of-focus metalens via
topology-shape optimization80. g Underwater binocular metalens82. hMonocular
metasurface camera for passive single-shot 4D imaging84.
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Fig. 5 | Resolution enhancement imaging using metasurfaces. a Diffraction-
limited focusingmetalens at visible wavelengths87: i. Opticalmicroscope image of the
metalens; ii. Scanning electron micrograph of the metasurface structure; iii. Nor-
malized intensity profiles for different wavelengths. bMetalens with a near-unity
NA, exhibiting a subwavelength thickness (~λ/3) and a focal spot size of 385 nm94.
c Aberration-corrected spectrometers in the visible using dispersion-tailored

metasurfaces96. d High-order continuous dielectric metasurface to convert evanes-
cent waves into propagating modes for super-resolution imaging in the far field,
achieving a spatial resolution of λ/5.5100. eMetasurface for high-resolution single-
particle tracking102. f High phase detection accuracy imaging with a compact meta-
microscope104.

https://doi.org/10.1038/s44310-025-00081-6 Review

npj Nanophotonics |            (2025) 2:39 8

www.nature.com/npjnanophoton


resolution imaging91. Additionally, polarization-based techniques, such as
radially polarized illumination combined with circular high-pass apertures
—enhance longitudinal field components to yield focal spots below the
Abbe diffraction limit92. Finally, high-performance GaNmetalenses further
improve focusing efficiency, enabling diffraction-limited imaging at visible
wavelengths93.

Second, increasing the NA remains a pivotal strategy for improving
resolution.Metasurfaces can achieve highNAbyprecisely controlling phase
profiles. As shown in Fig. 5b, a near-unityNAmetalens attained a collection
angle of 82° at 715 nm, exhibiting a subwavelength thickness (~λ/3) and a
focal spot size of 385 nm94. High-aspect-ratio nanoantennas with asym-
metric scattering efficiently redistributed light, overcoming conventional
phase-mapping losses and enabling confocal imaging of nitrogen-vacancy
centers in diamond nanocrystals. By pushing the NA further to 1.4, a
metasurface employing partial phase control achieved near-diffraction-
limited resolution (~0.32λ) in the visible range95. In this design, replacing full
0–2π phase shifts with partial shifts reduced near-field interactions and
allowed for a compact, high-efficiency configuration. The resulting
immersion metalens supported broadband anomalous refraction and
wavelength de-multiplexing at up to 67% efficiency, underscoring the
potential of high-NA metasurfaces.

Next, aberration correction represents a vital approach to achieving
high resolution, particularly through mitigating chromatic and spherical
aberrations that distort the focal spot. Correcting these aberrations yields a
more concentrated focal region, thereby enhancing resolution and produ-
cing sharper images. For example, a compact aberration-corrected spec-
trometer employing dispersion-tailored metasurfaces was demonstrated
(Fig. 5c). By engineering the dispersion of a TiO2-based metasurface lens,
high spectral resolution with minimal aberration was achieved over a
200 nmbandwidth in the visible range96. This lens, fabricatedwith nanofins,
enabledprecise phase control andminimized chromatic aberration, yielding
subnanometer resolution at multiple visible wavelengths. In a related effort,
a large-scale hybrid metalens combining refractive and diffractive compo-
nents utilized PB phase to correct chromatic and spherical aberrations97.
This design addressed 80% of chromatic aberration and 70% of spherical
aberration, while high-aspect-ratio nanofins enabled centimeter-scale
metasurfaces that outperformed standard refractive lenses, showcasing
the potential for compact optical systems.

Evanescent wave manipulation is key to surpassing the diffraction
limit, as these waves carry high spatial frequency information that typically
decays exponentially and remains inaccessible to conventional far-field
imaging. By controlling evanescent waves, metasurfaces can enhance or
convert them into propagating modes, thereby recovering sub-diffraction
details andenablinghigh-resolution imaging. For instance, a silver superlens
demonstrated that surface plasmon resonance could bolster evanescent
waves, achieving sub-diffraction optical imaging98. Building on this concept,
metalenses composed of anisotropic metamaterials were introduced to
amplify evanescent-wave information and project it into the far field,
attaining super-resolution imaging beyond the diffraction limit99. More
recently, high-order continuous dielectricmetasurfaces have been shown to
convert evanescent waves into propagating modes, reconstructing super-
resolution images in the far field with resolution of λ/5.5 (Fig. 5d)100.
Additionally, a space-time modulated computational metasurface imager
employed temporal modulation to translate high-frequency components
into lower-frequency domains, enabling single-pixel super-resolution
beyond the Abbe limit101.

Recent breakthroughs address the enduring trade-offs among resolu-
tion, efficiency, and optical complexity, while also reducing mechanical
constraints. Holsteen et al.102 and Conteduca et al.103 introduced light-field
and high-Q metasurfaces, respectively, to merge high resolution with
extended sensing volumes or confocal-like imaging. Meanwhile, Pahleva-
ninezhad et al. cite pahlevaninezhad2022metasurface preserved high lateral
resolution over a larger depth range in tomographic applications. In parallel,
Wang et al.104 and Zhou et al.105 eliminated the need for sample-plane
translation by employing dispersion-based or multiplexed phase-shifting

illumination, thereby maintaining fine spatial detail without mechanical
adjustments.

Altogether, these structural and methodological innovations—
encompassing focal spot minimization, large-NA designs, aberration
correction, evanescent-wave manipulation, and advanced computa-
tional strategies—demonstrate how metasurfaces are extending optical
resolution beyond conventional limits in compact, robust form factors.
Looking ahead, future metasurface designs will prioritize achieving
higher spatial resolution, enabling imaging systems to capture finer
details with greater precision. Yet significant challenges remain,
including preserving high optical efficiency and suppressing aberrations,
such as chromatic dispersion and focusing errors. To surmount these
obstacles, researchers will employ advancedmethods like inverse design,
multi-layer architectures, and AI-driven optimization. These innova-
tions will facilitate high-resolution imaging without sacrificing perfor-
mance, offering flexible and efficient solutions, particularly in complex
environments where precise detail is paramount. By refining these
technologies, metasurfaces are poised to transform imaging systems,
delivering exceptional resolution and optical efficiency across a variety
of demanding imaging applications.

Multidimensional data capture
Capturing multidimensional data in imaging is crucial for comprehensive
analysis, as it integrates multiple perspectives and scales simultaneously.
Traditional imaging systems primarily record light intensity and color,
limiting the richness of the acquired information. These systems often
require complex multi-element assemblies to encode additional dimen-
sions, which increases size, cost, and optical aberrations. In contrast,
metasurfaces’ precise control over phase and amplitude enables the
encoding and decoding of multidimensional data within a single captured
image, overcoming the limitations of conventional optics and providing
compact imaging solutions. Importantly, beyond compactness and struc-
tural simplicity, recent metasurface systems also achieve significant func-
tional advantages over traditional approaches. In light-field acquisition,
virtual moving metalens arrays preserve spatial sampling while simulta-
neously doubling both the fill factor and resolving power, leading to a
fourfold improvement in image resolution compared to passive microlens
arrays106. In spectral imaging, quasi-bound-statemetasurface spectrometers
attain a spectral resolution of 1.7 nm, while delivering more than an order-
of-magnitude improvement in photon throughput compared to conven-
tional grating-based systems107. For polarization detection, dielectric
metasurfaces exceed the classical 50% transmission ceiling of filter-based
methods, reaching 65% transmission efficiency and extinction ratios above
23:1108.

From a structural perspective, metasurfaces enable high-dimensional
data capture acrossmultiple domains, beginningwith 3D imaging. In active
3D imaging, structured light is projected onto a scene, and depth infor-
mation is inferred from pattern deformation109,110. For instance, a
metasurface-based system enhanced depth perception for industrial
inspection by projecting structured light109, while a single-shot technique
achieved 3D imaging without requiring multiple exposures110. By contrast,
passive 3D imagingmanipulates the phase and amplitude of incoming light
to extract depth and angular informationwithout external illumination82,111.
In one demonstration, a metasurface-based underwater imaging system
harnessed ambient light to infer depth, making it ideal for low-light or
submerged environments82. Another passive metasurface camera captured
both angular and depth data from natural light, offering improved imaging
in scenarios where active illumination is impractical111.

Building on the principles of 3D imaging, metasurfaces have also
propelled developments in light-field (4D) imaging, which captures both
spatial information and the angular distributionof light rays.Anachromatic
metalens array composed of GaNnanoantennas was introduced tomitigate
chromatic aberration in conventional light-field cameras, achieving full-
color, broadband imaging with a diffraction-limited resolution of 1.95 μm
(Fig. 6a)112. Additionally, a thin nanophotonic array camera integrating
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metasurfaces atop the sensor cover glass successfully captured high-quality
images over a wide field of view exceeding 100° (Fig. 6b)113.

Beyond capturing spatial and angular information, metasurfaces can
also record spectral data, thereby expanding imaging systems into the
spectral domain55,114–118. By selectively controlling light-matter interactions
across different wavelengths, metasurfaces enable highly efficient spectral
acquisition. For instance, colloidalmetasurface pixels achieved narrowband
spectral selectivity by tuning resonancewavelengths from580 to1125 nm114.
An ultra-compact hyperspectral imager used folded metasurface optics to
reach a spectral resolution of about 1.5 nm and an angular resolution of
0.075° within a miniaturized footprint115. Additionally, a label-free biosen-
sing platform combined dielectric metasurfaces with hyperspectral imaging
to retrieve spectral data from a single image, supporting portable diagnostic
applications (Fig. 6c)116. Passive and snapshot spectral imaging systems
leveraging dynamic and parallel metasurfaces, respectively, offered com-
pact, efficient spectral data acquisition119,120, while real-time and AI-
optimized hyperspectral designs further improved practicality and
resolution121,122. More recent approaches include snapshot near-infrared
and reconfigurable hyperspectral imagers with high spectral fidelity (Fig.
6d)123, as well as a compact angle-resolved metasurface spectrometer sui-
table for portable devices124.

In addition to spectral imaging, polarization imaging is another critical
dimension inmultidimensional data capture. Polarization conveys essential
information about surface characteristics, such as texture and anisotropy,
that intensity and color alone cannot reveal. In metasurface architectures,
polarization states are most commonly represented using Jones vectors:

Ein ¼
Ex

Ey

" #
;

where Ex and Ey are the complex field components along orthogonal
directions. Anisotropic meta-atoms can be modeled as complex Jones
matrices:

J ¼
Jxx Jxy
Jyx Jyy

" #
;

such that the output field is given by Eout = J ⋅ Ein. This framework enables
accurate modeling of polarization-dependent phenomena: for example, PB
phase elements implement unitary Jonesmatrices with spin-dependent off-
diagonal terms, while birefringent or resonant structures typicallymodulate
thediagonal elements to enable broadband, polarization-insensitive control.
For partially coherent or depolarizing fields, polarization manipulation is
more comprehensively described using a 4 × 4Muellermatrix acting on the
Stokes vector.

Matrix-based polarization metasurface imaging systems125,126 simul-
taneously capture multiple polarization states, providing detailed insights
into an object’s physical properties. Full-Stokes imaging polarimetry using
dielectric metasurfaces measures all four Stokes parameters at each super-
pixel, surpassing the 50% efficiency limit of conventional polarization-filter-
based cameras (Fig. 6e)127. Additionally, a compact full-Stokes camera
employing matrix Fourier optics enables snapshot imaging of complete
polarization states without mechanical components128. High-efficiency, all-
dielectric metasurfaces have been developed for near-infrared full-Stokes
detection, integrating both linear and circular polarization filters onto a
single chip129. Furthermore, bilayermetasurfaces allow observation of a full-
parameter Jones matrix, providing independent amplitude and phase
control for arbitrary polarization states130. Recent innovations include
visible-light full-Stokes polarimetry using all-dielectric metasurfaces,
enabling spatial separation of polarization components with high
efficiency131, and single-shot, chip-integrated polarization cameras for real-
time, high-accuracy imaging132,133. A broadband achromatic metasurface
polarimeter extends these capabilities to full-color, full-Stokes polarization

imaging in the visible range, demonstrating low reconstruction errors (Fig.
6f)134. Finally, compact, single-shot full Mueller matrix imaging systems
employing metasurfaces facilitate real-time medical imaging and material
characterization with high-speed accuracy125,135.

Metasurfaces are moving toward integrating multiple dimensions of
data capture within a compact system. For example, an ultra-compact
snapshot spectral light-field imaging setup acquires four-dimensional data
—three-dimensional spatial plus one-dimensional spectral—in a single
exposure, attaining a spectral resolution of 4 nm and near-diffraction-
limited spatial resolution (Fig. 6g)136. Similarly, a dispersion-assisted high-
dimensional photodetector simultaneously measures intensity, polariza-
tion, and spectral information by exploiting thin-film interfaces with spatial
and frequency dispersion (Fig. 6h)137. Through wavevector-domain pro-
jections andadeep residual network for reconstruction, this deviceperforms
full-Stokes, broadband characterization in a single measurement. Such
integrated approaches underscore how metasurfaces consolidate multiple
data dimensions, reducing system complexity and enriching the captured
information.

Thedrive for higher-dimensional perception, particularly in theAI era,
underpins the development of intelligent systems that benefit from multi-
modal information fusion. Future imaging metasurface system will target
the capture of additional data dimensions—such as light field, polarization,
and phase—to advance multidimensional imaging. The objectives include
not only acquiring more information but also refining dimensional preci-
sion and integrating these capabilities into compact devices.

Recent developments indicate that metasurfaces are beginning to
enable the capture of capturing orbital angular momentum (OAM) by
precisely engineering the phase and momentum of light138–140. By imposing
azimuthal phase gradients or helical wavefronts, metasurfaces can selec-
tively generate, manipulate, and demultiplex multiple OAM modes in a
compact and integrable form141,142. These capabilities hold significant pro-
mise for enhancing information capacity in optical communications and
enriching contrast mechanisms in OAM-resolved imaging. In parallel,
advances in ultrafast metasurface design143–145 suggest growing potential for
encoding and decoding temporal degrees of freedom, including pulse
duration143, temporal chirp146, and waveform shape147. Through dispersion
engineering or time-modulated meta-units, such systems enable
femtosecond-scale control of light fields, opening new opportunities in
time-resolved spectroscopy, optical pulse shaping, and spatiotemporal focal
engineering. Nonetheless, significant challenges persist. Current sensors,
primarily designed for intensity data, struggle with dimension coupling and
require multi-sensor configurations. To address these limitations, future
metasurfaces will employ physical decoupling techniques to isolate distinct
optical dimensions, while emerging sensor architectures enable simulta-
neous multidimensional data capture. Additionally, AI-driven algorithms
will optimize data extraction and decoupling, boosting the precision and
efficiency of multidimensional imaging systems.

Optical feature enhancement
In many imaging applications, the goal extends beyond mere information
acquisition to include direct information processing. Traditional imaging
systems primarily focus on capturing light intensity and color, relegating
tasks, such as edge detection, image segmentation, and motion recognition
to post-capture image processing software. This separation necessitates
complex multi-element assemblies, increasing the system’s size and cost.
Metasurfaces allow for the extraction and enhancement of optical features
like edges and specific image segments directly, reducing reliance on
external processing and facilitating more compact, efficient imaging
systems.

Metasurfaces can adapt to diverse optical feature enhancement appli-
cations, from simple edge enhancement to complex three-dimensional scene
feature extraction, demonstrating vast potential. For edge detection, three
main metasurface approaches are employed: First, spatial differentiation in
the Fourier domain enhances high-frequency components of light, as shown
in Fig. 7a148. The proposedmetasurface utilizes a PB phase design to perform
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spatial differentiation in the Fourier plane, enabling broadband edge detec-
tion with high optical efficiency and adjustable resolution. Second, the
Laplacian operator, a second-order differential operator, captures subtle
image changes and facilitates efficient edge extraction in metasurfaces. A flat

optical system for image differentiation was presented149, demonstrating a
two-dimensional spatial differentiator that directly converts images into their
Laplacian, enabling direct edge detection, as illustrated in Fig. 7b. Third,
combining differentiation and integration operations enhances edges while

Fig. 6 | Multidimensional data capture enabled by metasurfaces. a Achromatic
metalens array for full-color light-field imaging112. b Thin on-sensor nanophotonic
array cameras for wide-FOV light field imaging113. c Ultrasensitive hyperspectral
imaging enabled by dielectric metasurfaces116. d Reconfigurable snapshot hyper-
spectral imaging sensor based on gradient geometrymetasurface123. eMatrix Fourier

optics enables a compact full-Stokes polarization camera128. fAchromatic full-Stokes
polarimetry metasurface for full-color polarization imaging134. g Ultra-compact
snapshot spectral light-field imaging136. h Dispersion-assisted high-dimensional
photodetector137.
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Fig. 7 | Optical feature enhancement using metasurfaces. a Polarization-
dependent metasurface for optical field manipulation148: i. Incident LP light pro-
ducing LCP and RCP outputs; ii. Phase gradient control for LCP and RCP; iii.
Fourier space and iv. phase distribution for incident light; v. Polarization transfor-
mation between real and Fourier spaces; vi. LCP and RCP propagation.
bMetasurface-based spatial differentiation for edge detection149. cConcurrent image
differentiation and integration processings enabled by polarization-multiplexed

metasurface151. d Metalens for accelerated optoelectronic edge detection under
ambient illumination153. e All-dielectric metasurface empowered optical-electronic
hybrid neural networks for MINIST154. f Gesture and posture recognition using a
metasurface160. g Pluggable multitask diffractive neural networks based on cascaded
metasurfaces162. h All-optical object identification and three-dimensional recon-
struction based on optical computing metasurface164.
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smoothing image noise. A metasurface edge encoder for incoherent infrared
radiation was
developed150, which generates polarization-dependent optical transfer func-
tions for Laplacian-based edge detection in the long-wave infrared band. By
integrating polarization-multiplexedmetasurfaceswith refractive lenses, they
achieved single-shot edge detection in both indoor and outdoor scenes under
ambient sunlight, as shown in Fig. 7c. Finally, a polarization-multiplexed
metasurface enables concurrent differentiation and integration processing151,
facilitating simultaneous edge enhancement and noise reduction. Meta-
surfaces have also demonstrated effective edge detection in the visible spec-
trum. For instance, a two-dimensional isotropic metasurface design152

overcomes limitations, such as polarization dependence and narrow band-
width, enablingefficientbroadbandedgedetectionacross visiblewavelengths.
Moreover, apolarization-multiplexedmetalens system153 achieves single-shot
edge detection under ambient illumination in both indoor and outdoor set-
tings, as illustrated in Fig. 7d.

Metasurface technology has been further applied to feature extraction
tasks, such as digit recognition in the MNIST dataset. This dataset benefits
frommetasurfaces’ optical modulation capabilities to efficiently extract key
features, transitioning from basic edge detection tomore complex tasks like
digit recognition154. introduced all-dielectric metasurfaces in optical-
electronic hybrid neural networks. They designed a network consisting of
a TiO2 metasurface and a fully connected electronic layer. This combina-
tion, leveraging nonlocal neural layers and nonlinear transformations,
achieved a blind-test accuracy of 98.05% on the MNIST task, as shown in
Fig. 7e. This work highlights the potential of integrating metasurfaces with
electronic networks for enhanced performance and compactness.
Additionally155, demonstrated a meta-neural-network for real-time, passive
deep learning-based object recognition. The system can directly recognize
3D objects without sensor scanning or post-processing.

Subsequently, metasurfaces have been used for more complex optical
feature enhancement tasks156–159. This technology holds paramount
importance in domains, such as health monitoring and intelligent interac-
tion, facilitating critical applications, such as atmospheric CO2 surveillance,
pathogen detection in medical diagnostics, and dynamic system adjust-
ments in smart environments. Li et al.160 proposed an integratedhierarchical
system composed of three artificial neural networks that transform mea-
sured microwave data into images of the whole human body and instantly
recognizehand signs at aWi-Fi frequencyof 2.4 GHz, as illustrated inFig. 7f.
By employing a large-aperture programmable metasurface, they achieved
high-resolution imaging and recognition of multiple non-cooperative
individuals in real-world settings. Wang et al.161 designed a transmissive
programmable metasurface that dynamically controls electromagnetic
focusing to illuminate the forearm and obtain comprehensive echo data.

In complex scenarios, metasurfaces have also been used to simulta-
neously extract gestures and physiological signals. By processing multi-
modal signals, metasurfaces can synchronously capture feature
information from different signal sources. For instance, He et al.162

designed a pluggable diffractive neural network that can perform various
recognition tasks by switching internal plug-ins, as illustrated in Fig. 7g.
By integrating cascaded metasurfaces, they experimentally demonstrated
the recognition of handwritten digits and fashion items, showing that the
P-DNN enhances the flexibility of optical neural networks and extends
their potential in multifunctional applications. Li et al.163 designed a
microwave reconfigurable imaging system based on a programmable
coding metasurface to generate radiation patterns required by machine-
learning-optimized measurement modes.

Finally, metasurface technology has been further applied to feature
extraction in three-dimensional scenes. In three-dimensional scenes,
metasurfaces not only need to extract edge information on two-dimensional
planes but also combine multidimensional information, such as depth and
angle to achieve comprehensive perception of complex three-dimensional
environments. Xu et al.164 established a mechanism for all-optical object
identification and applied it to 3D reconstruction, as illustrated in Fig. 7h.
Their experimental results showed successful identification and

reconstruction of both high-contrast and low-contrast objects. Yang et al.165

designed a geometric metasurface based on a double-helix point spread
function that can achieve depth measurement under incoherent light and
two-dimensional edge detection under coherent light.

Metasurface technology has been demonstrated to exhibit a high
degree of variability and adaptability in enhancing optical features. Looking
ahead, metasurface technology will focus on real-time optical feature
enhancement, with the goal of achieving faster,more accurate detection and
reducing the need for traditional post-processing. The challenge lies in the
direct signal processing on metasurfaces and efficiently extracting key
information from them, as current systems are mainly limited to intensity-
based data capture. To address these constraints, future metasurfaces will
integrate optical computing with AI-driven hardware modules, enabling
real-time data processing and direct decision-making. Additionally, the
development of integrated optoelectronic modules that combine light
manipulation with data processing will allow for more compact, efficient
systems, pushing the boundaries of real-time imaging systems.

Holographic field reconstruction
Holographic field reconstruction (HFR) is a pivotal technique in advanced
imaging applications, enabling the accurate reconstruction of 3D objects
from their light field information. This capability is essential for applica-
tions, such as virtual reality (VR)166–168, augmented reality (AR)169–171, and
data encryption172–175. Traditional holographic imaging systems rely on
spatial lightmodulators and bulk optical components to encode and decode
both the phase and amplitude of light waves. However, these conventional
systems are often constrained by a limited space-bandwidth product (SBP),
large physical dimensions, and an inability to perform complex amplitude
holography, which undermines the fidelity and scalability of holographic
reconstructions. Metasurfaces offer significant advantages by allowing
smaller effective pixel sizes, boosting the SBP through multiplexing tech-
niques, and enabling comprehensive control over both phase and
amplitude176–178. For example, in visual cryptography, vortex-wavelength
multiplexedmetasurfaces achieve information rates exceeding 1293 bits per
hologram—over 2500 times higher than traditional hologram encoding
schemes179. In 3D holography, angular-spectrum-based metasurfaces
extend the achievable depth range from 2 to 95mm, marking a 47.5-fold
improvement over Fresnel diffraction-based methods180. Moreover, meta-
surfaces enable wide-angle reconstructions with viewing angles surpassing
±70°, far exceeding the ~8° limitation of conventional systems constrained
by spatial light modulator pixel pitch181. These improvements lead to more
compact, efficient, and high-performance holographic imaging
systems182–185.

SBP is a crucial parameter in holographic imaging, representing the
product of the spatial frequency bandwidth and the field of view that a
system can handle. SBP in traditional optical systems is limited by the
physical size and resolution of their pixels. Metasurfaces control multiple
information channels within a relatively small physical pixel, effectively
encoding more optical information in the same area. Various multiplexing
methods have been employed in metasurface holography to increase SBP,
such as polarization multiplexing, OAM multiplexing, and wavelength
multiplexing. For example, polarization multiplexing7 encodes multiple
independent holographic images within a single metasurface by mapping
information into different polarization states (Fig. 8a).OAMmultiplexing186

uses the rotational properties of light to encode distinct holograms, thus
significantly boosting the information capacity (Fig. 8b). Wavelength
multiplexing187 further extends SBP by generating separate holographic
images at different wavelengths, tapping into the spectral dimension (Fig.
8c). Meanwhile, traditional spatial light modulators typically display only
pure-phase holograms, preventing complete image reconstruction where
amplitude control is crucial. In contrast, metasurfaces can concurrently
manipulate phase and amplitude, enabling complex amplitude holographic
reconstruction188–190. For instance, complex amplitude holography191 har-
nesses metasurfaces to reconstruct both amplitude and phase of an optical
field, resulting in more detailed and realistic holographic images (Fig. 8d).
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Such dual-mode control is indispensable in high-fidelity holography where
preserving the integrity of the optical field is paramount.

Beyond SBP improvements and amplitude-phase control, meta-
surfaces drive progress in HFR through enhanced programmability, on-
chip integration, full-color rendering, and three-dimensional holography.
Thanks to their high design flexibility, metasurfaces can be dynamically

controlled via external stimuli, such as electric and optical fields or thermal
modulation, enabling real-time reconfigurable holographic displays. This
adaptability surpasses what is achievable with conventional holographic
components. For instance, programmable metasurface holograms192–194

incorporate diodes within metasurface unit cells, realizing dynamic gen-
eration of multiple holographic images. For instance, Li et al.192 proposed

Fig. 8 | Holographic field reconstruction using metasurfaces. aMetasurface-based
holographic reconstruction using polarization multiplexing7. bMetasurface orbital
angular momentum holography186. cWavelength de-multiplexing metasurface
hologram187. d Color holographic display based on complex-amplitude metasurface191.

eElectromagnetic reprogrammable coding-metasurface holograms192. fOn-chip-driven
multicolor 3D meta-display195. g Full-color plasmonic metasurface holograms197.
h Decimeter-depth and polarization addressable color 3D meta-holography180.
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electromagnetic reprogrammable codingmetasurface holograms to achieve
dynamic reconfigurability without altering the physical structure of the
metasurface, as shown in Fig. 8e. Moreover, the ultrathin profile of meta-
surfaces allows close integration with other optical or electronic devices,
paving the way for on-chip holographic displays171,195,196. Such miniaturized
systems are lightweight and practical for use in portable electronics and
smart glasses, significantly reducing system complexity. For instance, Li
et al.195 demonstrated an on-chip-driven multicolor 3D meta-display, as
shown in Fig. 8f. They developed an on-chip meta-hologram driven by
guidedwaves toprojectmulticolor andmultiplane imageswith independent
encoding freedoms. By leveraging the propagation-accumulated phase of
guided waves and utilizing an optimization algorithm, they successfully
encoded multicolor holographic images within the same observation area
into a singlemeta-hologram.Metasurfaces also enable full-color holography
within a single layer by carefully manipulating multiple wavelengths. For
instance, Wan et al.197 demonstrated full-color plasmonic metasurface
holograms by designing an ultrathin plasmonic metasurface composed of
subwavelength nanoslits, as shown in Fig. 8g. In addition, metasurfaces
facilitate 3Dholographic displays by delivering high resolution and accurate
depth cues, essential for realistic VR and AR experiences174,180,198. For
example, Wang et al.180 achieved decimeter-depth and polarization-
addressable color 3D meta-holography, as shown in Fig. 8h, surpassing
the depth limits of traditional holography by employing angular spectrum
diffraction theory. And Sun et al.174 demonstrated high-efficiency, broad-
band, and low-crosstalk 3D holography by a multi-layer holographic-lens
integrated metasurface, enhancing 3D visualization in a lens-free system.
Hu et al.198 realized 3D-integrated metasurfaces for full-color holography.
They stacked a hologram metasurface on a monolithic Fabry-Pérot cavity-
based color filter microarray to achieve low-crosstalk, polarization-inde-
pendent, high-efficiency, full-color holography, and microprint. These
advances underscore the potential of metasurfaces for developing high-
resolution, wide-field, and dynamic holographic imaging systems.

Looking to the future, metasurface technology will likely evolve into
one of themost promising approaches for holographic field reconstruction,
particularly in AR, VR, and related immersive applications185,199,200. More
realistic 3D content with detailed depth and texture will elevate user
engagement in virtual environments. Realizing a broader FOV while pre-
serving high-quality imaging will also be crucial, offering immersive
panoramic experiences. In addition, metasurfaces will advance integrated
optical solutions, merging multiple optical functions within a single device
to create compact, high-performance systems for AR glasses171,201,202.
Nevertheless, certain hurdles remain. Chromatic aberration poses a sig-
nificant obstacle in wide-FOV and high-fidelity 3D holography, diminish-
ing optical quality. Efficiency is another concern: large-area metasurfaces
often have lower optical efficiency than traditional components, restricting
their use in high-demand holographic applications. Balancing dynamic
range with resolution, FOV, and depth precision presents additional trade-
offs that can degrade overall system performance. Addressing these chal-
lenges will require advanced nanofabrication technologies—such as atomic
layer deposition and nanoimprinting—to boost metasurface precision and
efficiency. Computational optimization methods, including inverse design
and deep learning, will be equally pivotal inmitigating chromatic dispersion
and elevating efficiency. Finally, closer integration with optoelectronic
platformspromises real-timeholographic processing, further enhancing the
capabilities of metasurface-based holographic systems.

Functional integration
In modern optical design, functional integration is critical for building
efficient, compact imaging systems. Traditional setups often depend on
multiple discrete components to perform various optical functions, which
increases system size and manufacturing costs. Such approaches also limit
flexibility, as each discrete element serves a single purpose. In contrast,
metasurfaces—constructed from meticulously engineered microstructures
—enable precise manipulation of light to realize diverse and integrated
functions on a single platform. This consolidation streamlines optical

systems and facilitates novel applications that demand multifunctional
capabilities203–206.

Metasurfaces achieve functional integration through two primary stra-
tegies: passive (static) metasurfaces, which maintain a fixed structure207–210,
and active (tunable) metasurfaces, which can adjust their properties in
response to external stimuli208,211,212. Passive metasurfaces rely on the optical
performance determined by the properties of the incident light, such as
polarization, wavelength, or intensity, without requiring any change to the
metasurface itself. For example, the optical function of passive metasurfaces
can be modulated by external parameters, such as incident light polarization
orwavelength, allowingdifferent optical functionalities to coexist on the same
platform without modifying the metasurface structure. In contrast, active
metasurfaces can actively change their structure in response to external sti-
muli like temperature or voltage, enabling real-time reconfiguration of the
metasurface’s optical functions, offering more flexibility in applications
requiring adaptive functionality.

Passive metasurfaces typically achieve functional integration through
three distinct strategies. The first strategy is simultaneous acquisition of
multiple data modalities, enabling a single metasurface to concurrently
capture diverse forms of information. For example, Kwon et al.213 demon-
strated a metasurface-based system that simultaneously captures quantita-
tive phase and intensity data, facilitating label-free cellular imaging and
rapid diagnostics (Fig. 9a). Similarly, Intaravanne et al.214 developed a
compact metasurface platform integrating edge enhancement, polarization
detection, and standard imagingmodalities, enabling real-time,multimodal
sample characterization (Fig. 9b). The second strategy leverages spatial
multiplexing, wherein distinct spatial regions of a single metasurface per-
form separate optical functions simultaneously. For instance, Dai et al.215

proposed a bi-channel metasurface capable of simultaneously processing
near-field imaging and manipulating far-field wavefronts, generating opti-
cal vortices and holograms under different polarization conditions (Fig. 9c).
Likewise, Guo et al.216 integrated holographic imaging and spot-cloud
projection functionalities onto a unified metasurface, achieving combined
high-density spatial sensing and advanced imaging capabilities (Fig. 9d).
The third strategy involves designing metasurface geometries that inher-
ently support multiple functionalities across varying environmental con-
ditions without dynamic structural modulation. For example, Chen et al.217

demonstrated a static metasurface array capable of switching functions
between light field imaging and structured-light projection, enabling
effective depth perception across both bright and low-light scenarios (Fig.
9e). Similarly,Wang et al.218 designedan asymmetric compositemetasurface
that simultaneously integrates infrared and microwave stealth functional-
ities, achieving multi-band camouflage and wavefront control without
altering its physical structure (Fig. 9f).

Active metasurfaces achieve functional integration primarily through
three modulation strategies. The first approach utilizes mechanical mod-
ulation, wherein flexible substrates or microelectromechanical systems
(MEMS) induce structural deformation or localized strain in metasurfaces,
dynamically tuning their electromagnetic responses without permanent
structural changes219,220. For example, Li et al.220 demonstrated a mechani-
cally adaptive intelligent metasurface platform that integrates functional-
ities, such as electromagnetic illusion, carpet cloaking, and data
transmission through real-time deformation recognition and adaptive
electromagnetic response programming, as shown in Fig. 9g. The second
approach employs field-effect modulation, where external electric fields
dynamically alter carrier concentrations in active materials, enabling rapid,
low-power modulation of optical properties, such as refractive index221,222.
This strategy is particularly advantageous due to its fast response speeds and
compatibility with CMOS technology, suitable for scalable device integra-
tion. For example, Lan et al.221 implemented a GaN-based high-electron-
mobility transistor metasurface architecture, which dynamically modulates
terahertz wavefronts by precisely controlling carrier densities in two-
dimensional electron gases, as shown in Fig. 9h. The third approach
leverages phase-change materials, whose optical properties significantly
alter in response to temperature or external stimuli, thus enabling
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multifunctional, reconfigurable optical platforms211,212,223. For instance, Yu
et al.211 presented a vanadium dioxide (VO2)-based nonlocal metasurface
capable of dynamically switching among distinct optical functionalities—
including dynamic focusing, optical sensing, and broadband absorption—
by thermally induced phase transitions, as shown in Fig. 9i. These dynamic
modulation strategies significantly enhance metasurface versatility and
responsiveness, opening avenues for real-time adaptive optics and multi-
functional photonic systems.

Beyond imaging, metasurfaces have increasingly enabled functional
integration in domains, such as optical communications, energy harvesting,
and electromagnetic stealth. In optical communication systems, reconfi-
gurable metasurfaces incorporating phase-change materials, graphene, and
varactor diodes allow for dynamic and multiplexed modulation of ampli-
tude, phase, and polarization, thereby supporting functionalities including
beam steering, broadband absorption, and polarization conversion224–226.
For energy harvesting, metasurface platforms have been coupled with tri-
boelectric nanogenerators or broadband thermal absorbers to simulta-
neously enable environmental energy conversion, vibration suppression,
and controlled thermal emission227–229. In stealth-related applications,
metasurfaces facilitate electromagnetic signature reduction via microwave
absorption, RCS suppression, and dynamically tunable infrared emissivity,
with recent demonstrations achieving multispectral concealment while
preserving optical transparency230–232. Looking forward, metasurface
research will prioritize integrating multiple imaging functions. Future
designs will emphasize dynamic functionality switching, adapting to
environmental changes and operational demands, a feature essential for
adaptive optics and intelligent imaging. Additionally, the capacity for real-
time or autonomous adjustments will become increasingly important,
enabling metasurfaces to reconfigure functions without user intervention.

However, significant challenges remain, particularly with respect to post-
manufacturing tunability and sensitivity to external environmental factors.
To address these issues, advances in dynamic adjustment mechanisms,
adaptive fabrication materials, and integrated intelligent control systems
will be essential, ultimately facilitating the seamless functional integration
required for the next generation of metasurfaces.

Compact device integration
Metasurfaces, due to their micro- and nano-scale design advantages, have
demonstrated significant potential for high-level integration in imaging
applications. Compared to traditional optical devices, metasurfaces can
achieve complex light manipulation within extremely confined spaces and
can be integrated at multiple levels with other optical components, sensors,
and entire systems233–236. This integration significantly enhances the func-
tional performance of imaging systems while maintaining compactness.
Therefore, exploring the integration methods of metasurfaces in imaging is
critical for the development of next-generation optical systems.

In imaging applications, the integration methods of metasurfaces can
be broadly categorized into three main approaches. The first approach
involves integrating metasurfaces with existing optical components, which
enhances the system’s light field manipulation capabilities and improves
overall imaging performance. By combining metasurfaces with traditional
optical devices, this method leverages the microstructural advantages of
metasurfaces to compensate for the limitations of conventional compo-
nents, enabling more precise control of light waves. For example, Pahle-
vaninezhad et al.237 developed a nano-optic endoscope for high-resolution
optical coherence tomography, where a metalens was integrated into an
endoscopic optical coherence tomography probe. This integration allowed
the system to achieve near-diffraction-limited focusing, eliminating

Fig. 9 | Functional integration of metasurfaces for diverse applications across
static and dynamic strategies. a Single-shot quantitative phase gradientmicroscopy
using a system of multifunctional metasurfaces213. bMetasurface-enabled 3-in-1
microscopy214. cMultiplexing near- and far-field functionalities with high-efficiency
bi-channel metasurfaces215. dMultifunctional metasurface: holography and spot
cloud projection216. e AMeta-Device for both passive and active depth detection217.

f Detection and anti-detection with microwave-infrared compatible camouflage
using asymmetric composite metasurface218. g Flexible intelligent microwave
metasurface with shape-guided adaptive programming220. h Real-time program-
mable metasurface for terahertz multifunctional wave front engineering221.
i Dynamic nonlocal metasurface for multifunctional integration via phase-change
materials211.
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spherical aberration and astigmatism (Fig. 10a). Similarly, Reshef et al.10

introduced the concept of an optical “spaceplate,” which replaces the space
between lenses in traditional imaging systems. This integration results in
ultra-thin imaging systems with compression factors of up to 4.9 (Fig. 10b).

The second category of integration focuses on embedding meta-
surfaces directly onto sensors, such as CMOS imaging sensors, to enhance
the functional capabilities at the perception layer. This integration improves
the efficiency and precision of optical information acquisition by combining
the light-field manipulation of metasurfaces with the sensing capabilities of
the sensors. As a result, the overall complexity of optical systems is reduced,
while imaging quality is significantly enhanced. For example, Zuo et al.133

developed a chip-integrated metasurface full-Stokes polarimetric imaging
sensor, termed MetaPolarIm, by integrating an ultrathin metasurface
polarization filter array onto a visible imaging sensor. This design enabled
single-shot full-Stokes imaging with highmeasurement accuracy (Fig. 10c).
Similarly, Luo et al.238 presented metasurface-enabled on-chip multiplexed
diffractive neural networks (MDNNs) operating in the visible spectrum.
This approach demonstrated a multi-channel classifier framework capable
of simultaneously recognizing handwritten digits and fashion items
(Fig. 10d).

The third category of integration focuses on system-level integration,
where metasurfaces are comprehensively incorporated into the entire
imaging system architecture to achieve broader functional optimizations.
This holistic approach allowsmetasurfaces to play a pivotal role in complex
imaging systems, enhancing overall performance and expanding the sys-
tem’s application scope. For instance, Xu et al.65 developed metalens-
integrated compact imaging devices for wide-field microscopy by directly
mounting silicon metalenses onto CMOS image sensors. This integration
enabled ultra-thin, lightweight, and flat optical designs with a resolution of
approximately 1.74 wwmand an extended field of view (Fig. 10e). Similarly,
Xiong et al.121 introduced a dynamic brain spectrum acquisition system that
uses a real-time ultraspectral imaging chip integrated with reconfigurable
metasurfaces, enabling high temporal, spatial, and spectral resolution
necessary for capturing dynamic brain spectra (Fig. 10f). These system-level
integrations emphasize thepotential ofmetasurfaces to revolutionize optical
systems by enabling high-performance, real-time spectral imaging and
ultra-thin microscopy devices.

In metasurface-enabled computational imaging, current algorithmic
frameworks can be broadly categorized into two paradigms: independent
optimization frameworks and end-to-end optimization frameworks. The
independent approach decouples optical design from computational
reconstruction—metasurfaces are first designed to satisfy general optical
constraints, while reconstruction algorithms (e.g., deconvolution or com-
pressed sensing) are later tailored to the resulting point-spread function or
measurement model136,217,239. This modularity offers flexibility and inter-
pretability but often leads to sub-optimal system-level performance. In
contrast, end-to-end frameworks jointly optimize themetasurface structure
and the downstream neural reconstruction network within a unified pipe-
line, using differentiable physical simulators or learned surrogates177,240,241.
This tightly coupled strategy enables task-specific design, reduces recon-
struction artifacts, and improves robustness under fabrication or environ-
mental perturbations, making it especially suitable for broadband, multi-
modal, or dynamic imaging scenarios.

Looking ahead, metasurface technology is set to enable the integration
of multiple complex optical functions into compact devices, allowing for
smaller devices to performmore sophisticated tasks. The future will see the
efficient integration of metasurfaces with traditional optical components,
combining the unique strengths of both approaches. While metasurfaces
provide advanced capabilities for precise light manipulation, traditional
optical elements still offer unparalleled stability and high efficiency.
Therefore, the key challenge will be optimizing the synergy between
metasurfaces and conventional optics to maximize performance while
maintaining compactness. However, this integration faces significant
challenges, including the need for high precision in manufacturing and the
optimization of functional coordination to prevent interference between

components. Overcoming these challenges will require advancements in
multi-functional integration technologies, computational design, and
intelligent control systems. By addressing these issues, metasurfaces will
revolutionize optical imaging systems, enabling high-performance, minia-
turized devices suitable for a wide range of applications.

Electromagnetic response control
The precise manipulation of electromagnetic characteristics—namely,
phase, amplitude, polarization,wavefronts,OAM, and spectral properties—
is fundamental to the advancement of sophisticated imaging systems.
Electromagnetic waves in imaging can be described by:

Eðx; tÞ ¼ Re E0e
iðkx�ωtþϕÞ� �

whereE0 represents the amplitude vector, k thewave number,ω the angular
frequency, and ϕ the phase. Metasurfaces offer unprecedented control over
these parameters, enabling enhancements in resolution, contrast, and
multifunctionality within compact device architectures. This chapter delves
into these six key electromagnetic response controls, examining how
metasurfaces tailor these fundamental properties to optimize light-matter
interactions and achieve superior imaging performance.

Phase control
Phase control is a cornerstone in optical engineering, essential for manip-
ulating light wavefronts to achieve desired imaging functionalities. The
phase of an electromagnetic wave signifies its position within the oscillatory
cycle, significantly influencing interference, diffraction, and wavefront
shaping phenomena. In traditional optical components, phase control is
achieved by varying the geometric dimensions or refractive index of
materials to introduce spatially varying optical path lengths, thus inducing
phase delays. Unlike conventional bulk optical elements, metasurfaces
achieve phasemodulation through the precise engineering ofmeta-atoms—
subwavelength scatterers that locally alter the phase of transmitted or
reflected light242–245. This phase manipulation is accomplished via
mechanisms, such as resonant phase, propagation phase, and
geometric phase.

Resonant phase involves designing the geometric parameters ofmeta-
atoms (such as their size, shape, and material) to resonate at specific
frequencies246–248. When the frequency of incident light matches the reso-
nant frequency of the meta-atom, a sharp phase shift occurs. This effect
arises from the interaction between the incident light and the resonance
modes of the meta-atom. Metals, due to their free electrons, exhibit plas-
monic behavior, leading to significant phase shifts at certain resonant
frequencies33,249. For example, whenameta-atom is designed to resonate at a
particular wavelength, the light’s phase will change abruptly at this reso-
nance frequency. This phenomenon is especially effective for controlling the
phase of light at specific frequencies and can be manipulated by adjusting
the size or shape of the meta-atom.

Propagation phase is achieved by adjusting the propagation path of
light through themeta-atomstructure243,250,251. This is oftenaccomplishedby
varying the height or arrangement of the meta-atoms to change the optical
path length, resulting in aphase shift. Thephase shift due topropagation in a
material with refractive index neff and thickness h is given by:

ϕ ¼ 2π
λ0

neffh;

whereλ0 is thewavelengthof light in free space.The effective refractive index
neff depends on the material properties and geometry of the meta-atom. By
designing the meta-atom to have different heights or other structural
variations, the phase can be controlled over a broad range of wavelengths.

Geometric phase control (PBphase) occurswhen circularly polarized
light interacts with anisotropic meta-atoms252,253. As the orientation of the
meta-atoms is rotated in the plane of the metasurface, a spatially varying
geometric phase is induced, which depends on the geometry and the

https://doi.org/10.1038/s44310-025-00081-6 Review

npj Nanophotonics |            (2025) 2:39 17

www.nature.com/npjnanophoton


Fig. 10 | Compact device integration usingmetasurfaces. aNano-optic endoscope
for high-resolution optical coherence tomography in vivo237. b An optic to replace
space and its application towards ultra-thin imaging systems10. c Chip-integrated
metasurface full-Stokes polarimetric imaging sensor133. dMetasurface-enabled on-

chip multiplexed diffractive neural networks in the visible238. eMetalens-integrated
compact imaging devices for wide-field microscopy65. f Dynamic brain spectrum
acquired by a real-time ultraspectral imaging chip with reconfigurable
metasurfaces121.
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rotation angle of the meta-atom. This effect is particularly useful for
manipulating the polarization state of light, enabling applications, such as
beamsteering andholography. The geometric phase does not dependon the
wavelength of light but rather on the relative rotation of themeta-atomwith
respect to the incident light’s polarization254,255. By carefully designing the
geometry and arrangement of themeta-atoms, the phase of the transmitted
or reflected light can be efficiently controlled.

Detour phase modulation achieves phase shifts by strategically intro-
ducing lateral offsets (or “detours”) of subwavelength scatterers or apertures
within each periodic metasurface unit cell. This spatial displacement gen-
erates a local linear phase gradient governed by momentum conservation
within the lattice, leading to controlled diffraction effects190,256–258. Unlike
resonant and propagation phases, which rely on internal resonances or
optical path length differences within meta-atoms, detour phase modulation
operates via extrinsic diffractive interactions. Due to this diffraction-based
mechanism, detour phase exhibits intrinsic advantages, including broadband
performance, robust angular tolerance, and inherent polarization insensi-
tivity. Moreover, detour phase modulation can be synergistically combined
with geometric phase control—by concurrently adjusting both meta-atom
displacement and orientation—to achieve comprehensive manipulation of
the phase and polarization states of diffracted light225,259. This versatility
greatly enhances the design flexibility for advanced metasurface
functionalities.

In the field of imaging, the core functionality of metasurfaces lies in
their ability to precisely control the phase of light, thereby influencing its
propagation. Resonant phase control leverages the resonance effects of
nanostructures to induce sharpphase shifts, offeringhighmodulationdepth
and flexibility260. However, this approach is constrained by a narrow
bandwidth and demands high-quality factor materials for optimal perfor-
mance. Geometric phase control, in contrast, achieves phase manipulation
by altering the geometric symmetry of the nanostructures. This method
inherently enables polarization multiplexing and exhibits high efficiency,
though it suffers from limited phase modulation depth and a strong
dependence on the polarization state of the incident light. Propagation
phase control adjusts the geometric dimensions of dielectric pillars to
achieve phase coverage, enabling broadband operation and high efficiency.
Nonetheless, its phase modulation accuracy is restricted by the precision of
the fabrication process. Beyond isolated phasemodulation strategies, hybrid
phase control, which combines multiple phase mechanisms, such as geo-
metric and propagation phase, offers enhanced flexibility and functionality
in wavefront modulation261,262. This can be achieved via spatial interleaving
of distinct meta-atoms or co-design of meta-units supporting multiple
responses simultaneously. Such strategies enable broadband, polarization-
insensitive, and multifunctional control, underpinning recent advances
including achromatic metalenses with 77.1–88.5% efficiency across the
near-infrared range40, full-space dual-channel meta-hologram263, energy-
controllable polarization routing264, and multi-channel meta-holography
via spectral-polarization decoupling265. The exploration and integration of
more fundamental principles for phase control, particularly those that
combine these mechanisms, will be crucial for developing more versatile,
precise, and scalable phasemodulation techniques, paving theway formore
advanced metasurface applications in imaging and beyond.

Amplitude control
Amplitude control is a critical element in optical engineering, essential for
managing the intensity distribution of light within imaging systems190,210,266–268.
Precise modulation of light’s amplitude plays a vital role in influencing key
parameters, such as image contrast, brightness, and dynamic range—factors
that directly enhance overall image quality. Metasurfaces offer various
mechanisms for controlling the amplitude of electromagnetic waves, including
absorption modulation, interference effects, and resonant coupling. These
techniques enable the creationof spatially varyingamplitudeprofiles,whichare
crucial for applications, such as high-contrast imaging, adaptive illumination,
and selective filtering. By tailoring these mechanisms, metasurfaces can

modulate light with high spatial resolution, providing advanced capabilities for
optical systems.

Absorptionmodulation involves designingmeta-atoms that selectively
absorb or transmit light at specific wavelengths or spatial regions269,270. By
varying the absorption properties across the metasurface, it becomes pos-
sible to precisely control the intensity of transmitted or reflected light. This
method is particularly useful in applicationswhere controlled attenuationor
enhancement of specific light wavelengths is required. In contrast, inter-
ference effects271,272 exploit phase differences between interacting waves,
which can result in constructive or destructive interference, thereby mod-
ulating the amplitude. This principle allows for dynamic adjustments to the
amplitude profile based on the phase relationships embedded in the
metasurface. Resonant coupling250,273 leverages the resonances of meta-
atoms to enhance or suppress light transmission or reflection at specific
spectral regions. By tuning the geometry and material properties of the
meta-atoms, metasurfaces can achieve the desired resonant responses,
modulating the amplitude of incident light with high spatial resolution.

These amplitude modulation mechanisms enable metasurfaces to
create spatially varying amplitude profiles with high resolution, which are
essential for high-contrast imaging systems. By enhancing the visibility of
features against varying background intensities, metasurfaces improve the
performance of imaging systems, resulting in clearer images with better
dynamic range. In adaptive illumination systems, amplitude control can
optimize lighting conditions in real-time, improving image clarity and
reducing noise. Looking ahead, the simultaneous control of both amplitude
and phase presents a highly promising avenue for advancing optical
technologies190,274–276, enabling more sophisticated and versatile light
manipulation in imaging systems and beyond.

Polarization control
Polarization control is a crucial element in optical imaging2,277,278, sig-
nificantly enhancing the functionality and versatility of imaging systems.
Thepolarization state of light,whichdefines the orientation and ellipticityof
its electric field vector, directly influences key aspects, such as image con-
trast, information capacity, and the ability to distinguish between different
materials or structures. Metasurfaces, through their precise design of ani-
sotropic nanostructures, provide unprecedented control over the polariza-
tion. Unlike traditional bulk optical components, metasurfaces manipulate
polarization by locally altering the polarization state via geometric and
material engineering ofmeta-atoms—subwavelength scatterers that impose
specific polarization transformations279–281. The primary mechanisms for
polarization control in metasurfaces include geometric phase, anisotropic
resonances, and polarization conversion.

Geometric phase control leverages the in-plane rotation ofmeta-atoms
to impose a spatially varying Pancharatnam-Berry phase, enabling
polarization-multiplexed wavefront manipulation. For circularly polarized
light, ameta-atomrotatedbyanangleθ introduces a geometric phase shift of
±2θ for left-handedand right-handed circular polarizations (LCPandRCP),
respectively. This intrinsic chirality-phase duality allows a single metasur-
face to encode dual-phase profiles, such as ΦLCP(x, y) and ΦRCP(x,
y) =−ΦLCP(x, y), which is crucial for polarization-multiplexed holography
and dual-channel beam steering282,283. Anisotropic resonances exploit
orthogonally polarized eigenmodes in meta-atoms to achieve polarization-
selective amplitude modulation. By engineering resonance detuning along
orthogonal axes (e.g., x: electric dipole resonance at λ1, y: magnetic dipole
resonance at λ2), metasurfaces can independentlymanipulate TE- and TM-
polarized waves. This capability is a cornerstone for polarization-division
multiplexing in compact spectropolarimetric systems284,285. Polarization
conversion utilizes symmetry-broken meta-atoms (e.g., L-shaped or ellip-
tical nanostructures) to induce phase retardation between orthogonal linear
polarization components (e.g., Δϕx − Δϕy = π/2 for quarter-wave plates).
This enables the dynamic generation of various polarization states,
including linear ↔ circular ↔ vectorial, providing additional degrees of
freedom for hybrid polarization multiplexing. By simultaneously
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controlling both incident and converted polarization states, metasurfaces
can achieve multi-functional operations286–288.

These polarization control mechanisms significantly enhance the
capabilities of imaging systems, enabling polarization-sensitive imaging that
can differentiate between materials based on their unique polarization
responses151,289. This leads to improved contrast and the ability to detect
subtle structural details that would otherwise be indistinguishable. In bio-
medical imaging, polarization control aids in identifying anisotropic tissues
and visualizing biological structures with greater clarity286,290. Furthermore,
polarization manipulation enables the compact, multifunctional optical
elements capable of supporting polarization multiplexing7,291,292, where
multiple information channels are transmitted simultaneously using dif-
ferent polarization states, which increases the overall information capacity.
However, achieving precise polarization control through metasurfaces
presents several challenges, such as fabrication tolerances, which must be
carefullymanaged to ensure the desired polarization response.Additionally,
balancing polarization control with other electromagnetic responses, such
as phase and amplitude modulation, necessitates sophisticated design
strategies.

Wavefront control
Wavefront control is a critical aspect of optical engineering that enables the
precise shaping and manipulation of light wavefronts293–295. By altering the
spatial distribution of phase, amplitude, and polarization of incident light,
wavefront control enhances optical systems and improves their perfor-
mance. The primary mechanisms for wavefront manipulation using
metasurfaces include phase gradient engineering, multi-layer stacking, and
dynamic modulation.

Phase gradient engineering296,297 is one of the fundamental techniques
for wavefront control, utilizing spatially varying phase shifts to guide the
propagation of light. By introducing a phase gradient across the metasur-
face, anomalous reflection and refraction are induced, enabling function-
alities like programmable lensing and beam deflection.Multi-layer stacking
extends this concept by layering multiple metasurfaces298,299, each con-
tributing different phase and amplitude modifications to the incident light.
This approach facilitates complex wavefront engineering, such as three-
dimensional imaging and multi-focal lensing, which would be challenging
to achievewith single-layer designs. Additionally, dynamicmodulation300,301

integrates tunable materials and active components into the metasurfaces,
enabling real-time adjustments to the wavefront.

Metasurfaces offer significant potential for precise wavefront control,
making them highly suitable for advanced imaging systems302,303. However,
achieving high-fidelity wavefront shaping remains challenging due to the
sensitivity ofmetasurfaces to fabrication imperfections,which can introduce
phase errors and distortions, ultimately degrading imaging performance.
Furthermore, the complexity ofmulti-layermetasurface structures presents
challenges, as inter-layer coupling effects are difficult to control. Looking
ahead, the integration of phase gradient engineering, multi-layer stacking,
and dynamic modulation presents a promising approach for achieving
dynamic and wide-range wavefront control. These innovations enable the
realization of complex wavefront profiles, making them invaluable for
applications in high-resolution imaging and adaptive optics.

OAM control
(Orbital angularmomentum)OAMcontrol provides a powerful method to
enhance the functionality of optical systems. Metasurfaces offer a compact
and efficient platform for manipulating the OAM of light beams,
enabling the generation and control of light fields with specific angular
momentum186,304,305. By tailoring OAM states, metasurfaces can produce
light beams with customized phase profiles, which are essential for appli-
cations, such as high-resolution imaging, optical manipulation, and quan-
tum information processing. The ability to precisely control the OAM of
light allows metasurfaces to encode information onto light.

Metasurfaces achieve OAM control by introducing spatially varying
phase shifts across the incident light beam, which generates helical phase

fronts. These phase shifts result in a light beamwith a spiral phase structure,
characterized by a topological charge, which defines the amount of OAM
carried by the beam.Akeymechanism for generating and controllingOAM
states is the geometric phase306–308, which is sensitive to the orientation of
anisotropic meta-atoms. When circularly polarized light interacts with
rotatedmeta-atoms, a phase shift proportional to twice the rotation angle is
imparted, creating specific OAM states. Additionally, metasurfaces can
support anisotropic resonances that selectively enhance or suppress parti-
cular polarization components309,310, which is crucial for generating distinct
OAM states. Furthermore, metasurfaces enable OAM multiplexing77,304,305,
where multiple OAM channels can be simultaneously encoded and trans-
mitted, thereby enhancing the information capacity of optical systems.

Despite the significant potential of metasurfaces for precise OAM
control, several unique challenges need to be addressed. Even small devia-
tions in the design of the meta-atoms or in material properties can lead to
undesired OAM states, compromising the efficiency and fidelity of OAM
generation. Additionally, achieving robust OAM control often requires
careful coordination with other optical functionalities, such as phase and
amplitude modulation, which demands sophisticated design strategies to
ensure seamless integration. However, the ability of metasurfaces to engi-
neer complex OAM profiles offers transformative potential for high-reso-
lution, high-contrast, and multifunctional imaging applications,
significantly enhancing optical system capabilities.

Spectral control
Controlling the spectral properties of light is essential for advancing mul-
tispectral and hyperspectral imaging systems117,311,312, which capture infor-
mation across a wide range of wavelengths beyond the visible spectrum.
Metasurfaces provide a compact and efficient platform for tailoring the
spectral response of optical systems. By precisely engineering the interaction
of light with subwavelength scatterers, metasurfaces enable selective
detection and manipulation of specific wavelengths. These applications
benefit from the ability to obtainmore accurate data and deeper insights by
utilizing the rich spectral information that metasurfaces provide.

Metasurfaces achieve spectral control by engineeringmeta-atomswith
specific resonant properties, such as electric and magnetic dipole modes, to
selectively interactwith differentwavelengths. This allows for the creationof
narrowband filters, broadband transmitters, or wavelength-selective mod-
ulators, essential for applications in hyperspectral imaging and
spectroscopy313,314.Multi-resonantdesigns extend this capability by enabling
metasurfaces to support multiple resonant modes across different spectral
regions, allowing for more versatile spectral control. This is particularly
important in applications, such as hyperspectral imaging, where precise
capture of awide range ofwavelengths is crucial. Furthermore,metasurfaces
enable spectral multiplexing315–317, allowing for the simultaneous manip-
ulation of multiple spectral channels. This capability enhances the infor-
mation capacity in optical systems, particularly in advanced imaging and
display technologies, where multiple wavelengths can be used to carry
separate data streams, thereby improving system throughput and efficiency.

Looking ahead, the future of spectral control usingmetasurfaces lies in
advancing their integration into multifunctional optical systems with even
greater precision and flexibility114,116,318. One promising direction is the
development of dynamic and tunable metasurfaces that can adapt to
changing spectral requirements in real-time. Additionally, the combination
of multi-layer metasurfaces and advanced AI-driven design holds great
potential for enablingultra-precise spectral control across broadwavelength
ranges, facilitating the development of hyperspectral sensors with higher
resolution and sensitivity. These advances will enable new capabilities in
imaging and sensing, such as detailed molecular detection and complex
material characterization, pushing the boundaries of current multispectral
and hyperspectral technologies.

Metasurface structure design
Translating desired electromagnetic performance into realizable structures
requires robust design methodologies. The design of metasurfaces is a
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cornerstone in the development of advanced optical devices, enabling
precise control over electromagnetic waves. To systematically achieve this
translation, current strategies are categorized into physics-driven, meta-
heuristic, and AI-driven approaches. Each approach plays a crucial role in
tailoring the interaction of light with matter at the nanoscale, optimizing
metasurfaces for specific optical functions and embodying the “from per-
formance to structure” design paradigm.

Designing a metasurface involves configuring numerous sub-
wavelength meta-atoms to exhibit various novel physical phenomena. The
fundamental challenge in metasurface design is to optimize the structural
parameters of these meta-atoms to achieve desired reflection or transmis-
sion properties. Traditional design processes rely heavily on full-wave
simulation software and numerical algorithms to derive electromagnetic
characteristics, necessitating iterative adjustments based on the intuition
and experience of researchers. This trial-and-error approach is both time-
consuming and resource-intensive. Furthermore, when redesigning similar
meta-atoms for different electromagnetic responses, the optimization pro-
cess must be repeated from scratch. These limitations have prompted the
exploration of more automated and efficient design techniques, such as
meta-heuristic algorithms and AI, which aim to streamline the design
process by leveraging computational power and advanced optimization
strategies.

Physically-driven design methods
In metasurface design, physically-driven methods rely on theoretical
modeling of light-matter interactions to optimize optical properties. These
approaches are grounded in classical physical laws, such as the propagation
and diffraction of light, enabling precise control over the direction, phase,
and reflection of light waves. The advantage of physically-driven methods
lies in their strong physical interpretability, as they are based on well-
established principles. However, their limitations are evident when applied
to complex, high-dimensional design tasks, where flexibility and compu-
tational efficiency become significant challenges. Despite these drawbacks,
physically-driven design remains a powerful tool for metasurface engi-
neering, particularly when physical explainability is paramount.

A cornerstone of metasurface design is the generalized Snell’s law,
introduced by Capasso et al.261 at Harvard University, as shown in Fig. 11a
and Zhou Lei et al.319 at Fudan University, as shown in Fig. 11b. This
extension of the classical Snell’s law accounts for the influence of meta-
surface geometries and material properties on light propagation, offering a
broader framework for controlling light’s refraction and reflection at the
interface with structured surfaces. Unlike the traditional Snell’s law, the
generalized form incorporates the effects of surface topology and electro-
magnetic response, enabling more sophisticated control of light direction-
ality. This advancement significantly broadens the design space for
metasurfaces, providing a more comprehensive theoretical foundation for
controlling light behavior in a variety of applications. The refraction and
reflection behavior of light on a 2D metasurface can be deduced and is
mathematically expressed by the generalized Snell’s law:

sin θr � sin θi ¼ λ0
2πni

dφ
dx

nt sin θt � ni sin θi ¼ λ0
2π

dφ
dx

(

where θi and θt are the angles of incidence and transmission, respectively, ni
and nt are the refractive indices of the incident and transmitted media, λ0 is
the wavelength of the incident light in vacuum, and dφ

dx represents the spatial
phase gradient imparted by the metasurface. This generalized Snell’s law
demonstrates that a metasurface with a well-designed phase gradient can
deflect incident light in any desired direction, enabling functionalities, such
as beam steering and anomalous refraction. From the perspective of the
Huygens-Fresnel principle, each meta-atom on a metasurface acts as a
secondary wave source. The collective radiation fields from these meta-
atoms interfere constructively or destructively in space, forming any desired
light field distribution.

Phase control is a crucial aspect of metasurface design, directly influ-
encing the way light interacts with the structure. The three main phase
manipulation mechanisms—resonant phase247, geometric phase320, and
propagation phase321—each offer distinct advantages, limitations, and sui-
table applications. The resonant phase relies onplasmonic resonance,where
phase shifts are induced when the incident light matches the resonance
frequency of the metasurface, as shown in Fig. 11c. The geometric phase
exploits the polarization dependence of light, allowing for flexible and
precise phase control through the rotation of anisotropic nanostructures, as
shown in Fig. 11d. The wide tunability of geometric phase, often spanning a
full 2π shift, provides flexibility, but it is typically restricted to circularly
polarized light. The propagation phase manipulates phase shifts by intro-
ducing optical path differences, dependent on the material’s thickness and
refractive index, as shown in Fig. 11e. It provides the advantage of being
polarization-insensitive, unlike resonant and geometric phase methods.
However, it requires precise phase distribution control, often necessitating
detailed electromagnetic simulations to accurately model high-order reso-
nances and material properties. Hybrid approaches, such as combining
resonant+ geometric phase or propagation+ geometric phase261,262, as
shown in as shown in Fig. 11f262, leverage the advantages of multiple
mechanisms, offering solutions for both narrowband precision and flexible
polarization control, or broadband phase modulation with polarization
insensitivity, expanding the metasurface design space.

The parameter scanning process is a crucial step that bridges theore-
tical models with practical design322–324. In this phase, the metasurface
geometry—such as unit cell size, shape, and arrangement—is systematically
varied, and numerical simulations are employed to predict the resulting
optical performance. This iterative process helps identify optimal config-
urations by exploring how changes in the structural parameters affect the
light-matter interaction. While effective for narrowing down potential
designs, parameter scanning can become computationally intensive, parti-
cularly when the design space is large.

In conclusion, physically-driven design methods provide a robust
theoretical framework formetasurface engineering, ensuring high precision
and interpretability in controlling optical properties. While these methods
are effective for addressing fundamental design challenges, their applic-
ability is limited for more complex or high-dimensional design problems.
The combination of physical principles with other advanced design tech-
niques, such as machine learning or heuristic algorithms, is often necessary
to overcome these limitations and enhance design flexibility, offering a
pathway to more innovative and versatile metasurface applications.

Meta-heuristic optimization design methods
Meta-heuristic optimization design methods encompass a broad spectrum
of algorithmic strategies aimed at efficiently exploring and optimizing the
intricate design spaces inherent in metasurface engineering251,325,326. These
methods integrate both gradient-based techniques, such as adjoint opti-
mization, and meta-heuristic algorithms like genetic algorithms (GAs),
particle swarm optimization (PSO), and ant colony optimization (ACO).
Additionally, hybrid approaches that combine these optimization strategies
with deep neural networks (DNNs) have emerged, leveraging the strengths
of both gradient-based and data-driven methodologies. This subsection
delves into these prominent numerical optimization methods, elucidating
their principles, applications, advantages, and limitations in the context of
optimizing meta-atom configurations for advanced optical functionalities.

Adjoint optimization is a gradient-based technique that has emerged as
a powerful tool for designing large-scale,multifunctionalmetasurfaces327–329.
By formulating metasurface design within a partial differential equation
(PDE)-constrained framework, this method relies on two full-wave elec-
tromagnetic simulations per iteration (forward and adjoint) to compute the
gradient of an objective function with respect to potentially thousands of
design parameters. In contrast to finite-difference approaches, whichwould
require separate simulations for each parameter, adjoint optimization effi-
ciently scales to high-dimensional design spaces, making it particularly
suitable for metasurfaces consisting of numerous meta-atoms or
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incorporating multiple functionalities327,330. Adjoint optimization methods
can also capture near-field and far-field interactions at the full-device level.
Traditional periodic or unit-cell approximations often neglect inter-cell
coupling and therefore do not accurately account for complex electro-
magnetic interactions across the entire metasurface. By solving Maxwell’s
equations globally331,332, adjoint optimization optimally tunes each meta-
atom to meet specified performance metrics. Moreover, it can be extended
to multi-objective scenarios329,333, allowing designers to integrate phase
control, polarization control, and spectral engineering into a single opti-
mization framework. Nevertheless, as a gradient-based method, adjoint
optimization is prone to converging to localminima, underscoring the need
for careful initialization or hybrid approaches that combine global searches
with local refinement. Moreover, the accuracy of gradient calculations is
contingent on robust electromagnetic simulations,making themsensitive to
errors in mesh generation, boundary conditions, or material modeling.

GAs, inspired by the principles of natural selection and genetics, have
been extensively employed to optimize the geometric and material para-
meters of metasurfaces334–337. By representing meta-atom configurations as
chromosomes, a population of candidate solutions undergoes selection,
crossover, and mutation, thereby evolving over successive generations. In
metasurface applications, this global search capability is particularly useful
for navigating high-dimensional or discontinuous design spaces, since GAs
do not rely on gradient information. For example, Cai et al.334 demonstrated
the efficient exploration of complex meta-atom topologies to improve
transmission efficiency and phase control, as shown in Fig. 12b. GAs can
also accommodate both discrete and continuous variables and readily
extend to multi-objective formulations, making them well-suited for mul-
tifunctional metasurface designs. However, they can be computationally

expensive, especially when large populations and many generations are
required. Moreover, tuning parameters, such as population size, crossover
rates, and mutation probabilities is critical to avoid premature convergence
to suboptimal solutions.

Ant colonyoptimization (ACO) is anature-inspiredmetaheuristic that
models the collective foraging behavior of ants, allowing artificial agents
(ants) to explore complex design spaces while depositing and following
pheromone trails324,338,339 Inmetasurfacedesign,ACOoften encodes discrete
parameters, such as meta-atom positions, shapes, or interconnections as
nodes or paths, enabling a combinatorial search for optimal electromagnetic
responses. For instance, Zhu et al.338 employed ACO to optimize three-
dimensional plasmonic metasurface elements, achieving high diffraction
efficiencies by systematically navigating the large solution space, as illu-
strated in Fig. 12c. The evolving pheromone distribution guides subsequent
ants toward more promising regions, thereby improving performance
metrics, such as beam-steering fidelity and phase uniformity. Compared to
gradient-based or purely random searches, ACO is well-suited for discrete
and combinatorial problems, and it can adapt to dynamic scenarios where
objectives or constraints change over time. Nonetheless, the algorithm can
be computationally demanding, since it requires iterative pheromone
updates, and its effectiveness heavily depends on parameter tuning (e.g.,
pheromone evaporation rates, colony size).Moreover, inadequate balancing
between pheromone reinforcement and exploration may cause premature
convergence.

Particle swarmoptimization (PSO), inspired by theflocking behavior
of birds or schooling of fish, iteratively refines a swarm of candidate
solutions by sharing both individual and global experience325,340,341. Each
particle updates its velocity and position based on its own previous best

Fig. 11 | Physically driven metasurface design methods. a Generalized laws of
reflection and refraction by the Capasso group261. bGradient-indexmeta-surfaces as
a bridge linking propagatingwaves and surfacewaves319. cResonantmetasurfaces for
generating complex quantum states using a resonant phase metasurface247.

dDispersionless phase discontinuities for controlling light propagation320. eEfficient
silicon propagation-phase metasurfaces for visible light321. f Independent phase
control of arbitrary orthogonal states of polarization using propagation and geo-
metric phase metasurfaces262.
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performance and that of its neighbors, striking a balance between
exploration and exploitation of the design space. In metasurface appli-
cations, parameters, such as meta-atom geometry, spacing, and material
properties can be encoded into each particle’s position vector. For
instance, Nam et al.340 employed PSO to design flexible metasurfaces for
microwave-to-infrared camouflage, optimizing the spatial arrangement
and physical dimensions of meta-atoms to achieve selective transmission
and emission characteristics, as illustrated in Fig. 12d. PSO is lauded for its
conceptual simplicity and relatively rapid convergence compared to
genetic algorithms, yet it is susceptible to premature convergence, parti-
cularly in complex multimodal landscapes. Its performance also depends
on carefully tuned parameters, such as the inertia weight and cognitive/
social coefficients.

Hybrid optimization methods that combine meta-heuristic algo-
rithms with machine learning models, such as DNNs, have emerged as
powerful strategies for improving efficiency and robustness in metasur-
face design342–344. By leveraging the global exploration capability of meta-
heuristics and the predictive power of data-driven models, these
approaches canmore effectively navigate high-dimensional design spaces
while reducing the number of full-wave simulations. For instance, Kang
et al.332 introduced a framework that couples the adjoint method’s
gradient-based optimization with generative adversarial networks

(GANs) for data augmentation, significantly lowering computational
overhead while accelerating photonic device design (Fig. 12e). Similarly,
Zhu et al.345 integrated a greedy algorithm and a self-organizing map
(SOM) neural network tomitigate chromatism inmetasurfaces, achieving
precise control over electromagnetic properties (Fig. 12f). These hybrid
methods offer faster convergence and fewer required simulations, but
introduce additional complexity in model training and parameter tuning.
Their overall success depends heavily on the availability of high-quality
training data, as well as careful calibration of hyperparameters to
avoid issues like overfitting or suboptimal fusion of the algorithmic
components. Nonetheless, they represent a promising avenue for meta-
surface design346–348.

In summary, meta-heuristic optimization algorithms provide robust
global search capabilities and flexible handling of discrete, continuous, or
multi-objective challenges in metasurface design349,350. Their adaptability
makes them well-suited for highly complex or non-convex design land-
scapes, especially where gradient information is limited. However, com-
putational overhead can become prohibitive for large-scale full-wave
simulations, and performance frequently hinges on careful tuning of
parameters, such as population size, mutation rates, or pheromone eva-
poration. While these constraints introduce additional complexity, recent
advances—particularly the integration ofmachine learning and data-driven

Fig. 12 | Meta-heuristic optimization metasurface design methods. a Large-scale
parametrized metasurface design using adjoint optimization327. b Inverse design of
metasurfaces with genetic algorithms334. c Optimal high-efficiency 3D plasmonic
metasurface elements revealed by lazy ants338. d Flexible metasurface formicrowave-

infrared compatible camouflage via particle swarm optimization340. e Hybrid opti-
mization methods integrating the adjoint method with machine learning
techniques332. f Metasurface design via a greedy algorithm empowered by a self-
organizing map neural network345.

https://doi.org/10.1038/s44310-025-00081-6 Review

npj Nanophotonics |            (2025) 2:39 23

www.nature.com/npjnanophoton


approaches—show promise in mitigating computational burdens and
enhancing convergence.

AI-driven design methods
AI-driven design methods have emerged as a pivotal advancement in the
field of metasurface design, offering unprecedented capabilities in auto-
mating and optimizing the design process24,25,351,352. By integrating sophis-
ticated machine learning and deep learning techniques, these methods
navigate the complex, high-dimensional design spaces characteristic of
metasurfaces, enabling the creation of highly optimized andmultifunctional
structures tailored to specific electromagnetic responses353. The effectiveness
of AI-driven metasurface design fundamentally relies on two core aspects:
the encoding and decoding process and the underlying neural network
architectures. This subsection provides an in-depth exploration of these two
aspects, illustrating how AI methodologies are transforming metasurface
design through novel approaches to data representation and model
deployment.

Encoding and decoding in AI-driven metasurface design. In an AI-
driven metasurface workflow, encoding encompasses transforming both
the structural design parameters and the desired electromagnetic
responses into representations suitable for learning and optimization.
Decoding then recovers the physical metasurface geometry or the pre-
dicted response from those representations, ensuring the final design or
analysis remains consistent with the original objectives.

Parametric encoding. Parametric encoding relies on a limited set of pre-
defined parameters (for instance, shape dimensions or material constants)
to describe a metasurface354,355. Here, the input might be a small set of
geometric variables, while the output could be key performance metrics
(e.g., reflection coefficients at specific frequencies). For instance, Huang
et al.355 represent the metasurface with only a few geometric parameters,
optimizing these parameters to realize the desired functionality and thereby
confining the design space to a limited set of physicallymeaningful variables
while accelerating the convergence process, as shown in Fig. 13a. Because
each parameter directly correlates with a physical attribute, designers can
more easily decode the resulting model back into actual device structures
and correlate those with the measured or simulated electromagnetic
responses. However, parametric encoding struggles with highly complex or
free-form designs. Expanding the parameter set can address more intricate
geometries, but doing so erodes the simplicity and interpretability thatmake
parametric methods appealing.

Vector encoding.Vector encoding unifies a large set of design parameters or
response metrics into a single high-dimensional vector356–359. For instance,
each component of the input vector may define a distinct geometrical fea-
ture across the metasurface, while the output vector could represent mea-
sured or simulated spectral profiles over numerous frequencies. As an
illustration, Qiu et al.358 formulate the metasurface design as a two-
dimensional 0–1matrix, where each entry indicates the presence or absence
of a specific material and consequently expands the design dimension

Fig. 13 | Different encoding methods for AI-driven metasurface design.
a Parametric encoding based on geometrical parameters for metasurface design355.
b Vector encoding to represent high-dimensional metasurface parameters in opti-
mization tasks358. c Image encoding that represents metasurface design as pixel
matrices for optimization with deep learning360. dGraph encoding used tomodel the

interactions between metasurface elements in a network structure363. e Mesh
encoding to discretize metasurfaces into grid-based elements for high-precision
simulations364. f Sequence encoding to model metasurface designs through ordered
data for use in sequence-based neural networks365.
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significantly for enhanced layout flexibility, as shown in Fig. 13b. This
unified representation handles complex or irregular designs more flexibly
than parametric encoding, but tends to obscure direct physical interpreta-
tion, making it harder to map individual vector entries back to specific
design features or response bands. Even so, vector encoding excels in tasks
where the design and response spaces are both high-dimensional, and data-
driven models can more readily learn correlations between them.

Image encoding. Image encoding transforms metasurface layouts and their
responses into pixel or voxel grids360–362. For periodic or quasi-periodic
structures, the input might be a 2D map depicting geometric features, and
the output could be spatial field patterns or spectral heatmaps. This
approach leverages established image-processing algorithms to detect and
manipulate spatial patterns. For instance, Zeng et al.360 embed thickness,
meta-atom distribution, and material properties into different channels of
an image, thereby accommodating a variety of neural network architectures
and substantially broadening the design space, as shown in Fig. 13c.
However, high-resolution image grids can be memory-intensive, especially
if the goal is related to complex, 3D field responses. Image encoding is thus
most beneficial when spatial patterns dominate the design logic and the
resolution demands remain manageable.

Graph encoding. Graph encoding emphasizes interrelationships among
metasurface elements363, often crucial for capturing near-field coupling or
large-scale interactions. Nodes could represent distinct meta-atoms or
patches, and edges encode mutual coupling or physical adjacency. On the
input side, the graph describes the structural topology, while the output
couldbe the corresponding collective electromagnetic behavior, suchasfield
distributions or multi-frequency scattering parameters. For example, Wu
et al.363 transform the metasurface into a graph structure that models not
only individualmeta-atoms but also theirmutual coupling relationships for
a more holistic optimization, as shown in Fig. 13d. Although graph-based
methods are powerful for complex and non-periodicmetasurfaces, they call
for specialized neural network architectures (like GNNs) and can grow
computationally expensive with increasing numbers of nodes and edges.

Mesh encoding. Mesh encoding discretizes the metasurface into a grid or
mesh of smaller elements364, where each element’s properties and field
responses are explicitly modeled. Consequently, the input could be local
material parameters assigned to each mesh cell, and the output might be
detailed electromagnetic fields or reflection/transmission coefficients at
each cell boundary. For instance, Kwon et al.364 employ a triangularmesh to
represent themetasurface design, facilitatingdetailedmodeling of geometric
features and ensuring compatibility with high-precision electromagnetic
simulations, as shown in Fig. 13e. This fine-grained approach is advanta-
geous for simulating physical phenomena with high accuracy, using tech-
niques like finite element or finite-difference time-domainmethods. Yet, as
mesh density grows, so does computational complexity, making it chal-
lenging to decode large meshes into physically realizable designs without a
substantial computational budget.

Sequence encoding. Sequence encoding treats metasurface configurations
and their associated responses as ordered sequences365. One might record
the addition or modification of unit cells step by step, with each sequence
entry denoting both a geometric action and its partial electromagnetic
outcome. This format suits models like recurrent neural networks or
Transformers, which excel at capturing long-range dependencies. For
example, Zhang et al.365 utilize a sequence-based representation to capture
spectral correlations and accommodate potential frequency-transfer
tasks366,367, effectively leveraging sequential neural networks for iterative
design processes, as shown in Fig. 13f. However, while sequences naturally
encode the temporal or iterative nature of design steps, they can lose spatial
context if the layout is not inherently linear. Ensuring the final decoded
device accurately reproduces the desired field or spectral response can
therefore be more demanding, particularly for large-scale metasurfaces.

By selecting an appropriate encoding-decoding strategy for both
structural inputs and electromagnetic outputs, AI-driven metasurface
design can achieve higher accuracy, faster convergence, and more trans-
parent interpretation of results. Crucially, the chosen representation must
allow the reconstruction (ordecoding) to faithfully reflect theoriginal design
and response objectives, ensuring that any learned relationships hold true in
physical realization. Achieving such consistency typically involves aligning
the input-output encoding schemes so that each predicted parameter or
field component can be reliablymapped back to a tangible device setting. As
a result, reproducibility andunification across encoding anddecoding stages
become central to advanced metasurface research, offering a pathway
toward not only more efficient but also more trustworthy AI-assisted
photonic design.

Theselectionofappropriatemodels inAI-drivenmetasurfacedesign. In
AI-driven metasurface design, the choice of deep learning methods critically
influences design efficiency, optimization accuracy, and adherence to phy-
sical constraints. Given the diverse data structures, optimization targets, and
physical limitations inherent inmetasurface research, different deep learning
approaches exhibit distinct strengths and drawbacks. Therefore, a structured
taxonomy is necessary to clarify how each method addresses design objec-
tives, handles data modalities, and incorporates electromagnetic or fabrica-
tion constraints.

Wecategorize existingdeep learning techniques formetasurfacedesign
into eight primary classes based on their application scenarios: (1) Funda-
mental neural network-based models, (2) Advanced Neural Network
Models, (3) Sequence-based models, (4) Graph-based methods, (5) Gen-
erative models, (6) Reinforcement learning models, (7) Physics-Informed
Models, and (8) AI Enhancement Models. While this classification high-
lights the specific problem settings each category can tackle, many practical
systems integratemultiplemethods to balance performance, computational
demands, and physical feasibility. Hence, a thorough understanding of the
commonalities and differences across these eight categories is crucial for
selecting or combining suitable approaches.

Fundamental neural network models primarily solve straightforward
regression or classification problems, establishing a directmapping between
design variables and target performances.Advanced neural networkmodels
extend these foundationalmodels by enhancing representational capacity—
often adding specialized layers or attention mechanisms to handle more
complex phenomena. Sequence-based models incorporate temporal or
iterative aspects into the design process, while graph-based methods natu-
rally encode spatial couplings amongmeta-atoms. Generative models open
up possibilities for synthesizing entirely new metasurface configurations
from learned distributions, and reinforcement learning focuses on adaptive
decision-making through trial-and-error interactions with the environ-
ment. Importantly, physics-informed and constraint-aware frameworks
integrate electromagnetic equations or fabrication limits directly into the
learning process, bridging the gap between data-driven inference and
physical consistency. Lastly, AI enhancement models, such as transfer
learning, and explainable models, can further enhance scalability and
robustness.

Fundamental neural network-based models. Deep learning has proven
effective for addressing both forward and inverse problems in meta-
surface design, especially when the underlying task involves relatively
direct parameter-to-performance mappings. As shown in Fig. 14a, a
bidirectional DNN can link plasmonic nanostructure geometries to far-
field optical spectra in both directions, substantially streamlining the
design and characterization process368. Building on this framework, a
physics-informed DNN that embeds Lorentzian constraints allows
accurate prediction of frequency-dependent dielectric properties in all-
dielectric metamaterials without sacrificing physical realism, as illu-
strated in Fig. 14b369.

Beyond simple parameter input, CNNs are adept at handling spatially
structured data and capturing localized interactions within metasurface
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arrays. Figure 14c showcases a CNN trained to account formutual coupling
effects, overcoming the limitations of periodic boundary assumptions and
achieving higher accuracy in phase and amplitude prediction370. Similarly, a
CNN-basedoptimization for tandemsolar cells, shown inFig. 14d, leverages
the metasurface’s geometry to manage light more effectively, thereby
enhancing overall device efficiency371. For more complex light–matter
interactions, multi-headed CNN architectures can model nonlinear optical
phenomena (Fig. 14e), offering a deeper view into device-level physics11.
Finally, fusing forward and inverse network modules, as in Fig. 14f, enables
adaptive metasurface designs that incorporate active elements while
maintaining computational efficiency372.

In short, these fundamental neural-network approaches lay the
groundwork for many AI-driven metasurface designs, offering a balance
between ease of implementation and predictive power. Specifically, by
serving as differentiable surrogate models for complex electromagnetic
responses, fundamental neural networks—such as bidirectional DNNs and
CNNs—enable efficient backpropagation of electromagnetic performance
criteria, suchas phase, amplitude, andpolarization, intoprecise adjustments
of metasurface geometry. This capability substantially reduces reliance on
computationally intensive full-wave simulations, facilitating rapid
exploration and optimization of large design spaces while ensuring accurate
electromagnetic response control. However, as metasurface applications
grow increasingly elaborate—requiring multi-band operation, polarization
control, or large-scale non-periodic layouts—further refinements may be
needed. These refinements often involve hybridizing fundamental networks
with advanced architectures or embedding additional physical constraints.

Advanced neural network models. Recent advancements in deep learning
have fueled the development of more sophisticated models for metasurface
design, aiming to tackle challenges, such as global relationship modeling,

nonlinearmappings, data dimensionality reduction, fabrication robustness,
andmulti-network integration.Compared to fundamental neural networks,
these advanced methods typically incorporate deeper or more specialized
architectures that can encode complex physics, reduce design uncertainties,
and handle large parameter spaces. In practice, they often balance higher
computational overhead with stronger expressive capabilities, thereby
enabling efficient generation of intricate metasurfaces.

Transformer-based frameworks373–375 offer a robust mechanism to
capture long-range dependencies among design variables, significantly
enhancing local near-field intensities by harnessing quasi-bound states in
continuum(quasi-BIC) effects, as shown inFig. 15a373. By predicting electric
field distributions and subsequently performing inverse optimization,
Transformers streamline the iterative design of metasurfaces for applica-
tions like surface-enhanced Raman scattering. However, their training may
demand large, high-quality datasets to fully exploit attention mechanisms
and handle diverse geometries. Recent advances further demonstrate that
Transformer-based models enable real-time inverse design across multiple
spectral and polarization regimes, offering both scalability and adaptability
for complex metasurface functionalities375,376.

Autoencoders, characterized by their encoder–decoder structure, have
proven highly effective in compressing high-dimensional data into concise,
informative representations, facilitating efficient exploration and optimi-
zation in complex metasurface design spaces377–379. An illustrative applica-
tion is demonstrated in Fig. 15b378, where an autoencoder learns compact,
low-dimensional embeddings of polarization-dependent optical responses,
enabling the efficient generation of multi-channel polarization holograms.
Despite their strength in dimensionality reduction and representation
learning, autoencoders can potentially omit fine-grained structural details,
necessitating careful tuning or incorporation of additional physical con-
straints to maintain precision in practical metasurface implementations.

Fig. 14 | Applications of fundamental neural network models in metasurface
design. a Bidirectional DNN architecture for plasmonic nanostructure design,
addressing both forward and inverse problems by linking geometrical parameters
with far-field spectra368. b Physics-informed DNN incorporating Lorentzian con-
straints to predict frequency-dependent dielectric properties in all-dielectric
metamaterials369. c CNN-based prediction of mutual coupling effects in meta-
surfaces, improving phase and amplitude accuracy beyond periodic boundary

assumptions370. d CNN optimization of metasurface structures to enhance tandem
solar cell efficiency through light management371. eMulti-headed CNN architecture
for modeling light--matter interactions in dielectric nanostructures, achieving
enhanced nonlinear optical responses11. f Fusion CNN model integrating forward
and inverse networks for the design of active metasurfaces with embedded
functionalities372.
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U-Net architectures, characterized by their encoder-decoder structures
and multi-scale feature extraction capabilities, are particularly effective at
capturing spatial hierarchies and fine-grained structural information in
metasurface designs. This ability allows U-Nets to efficiently identify and
predict subtle geometric variations, which makes them highly suitable for
addressing fabrication uncertainties, as shown in Fig. 15c380.

Finally, network fusion strategies integrate multiple models for
dynamic inverse design, ensuring rapid adaptation to broad bandwidths or
changing performance metrics. For example, Jia et al.381 proposed a global
metasurface reconstruction framework by fusing two convolutional neural
networks—Far-field design network and near-field design network —to
achieve customized optical illusions based on user-defined near-field or far-
field specifications, as shown in Fig. 15e. This network fusion approach
efficiently addresses the complexity of meta-atom couplings and sig-
nificantly accelerates the inverse design process, eliminating extensive
iterative optimization inherent in traditionalmethods. Jia et al. introduced a
novel synthetical neural network approach in later research381, dynamically
assembling multiple inverse neural networks via an assembly neural net-
work to efficiently tackle broadband metasurface inverse design tasks, as
shown in Fig. 15f. Network fusion enhances metasurface design efficiency,
reduces data dependency, and effectively captures complex inter-element
electromagnetic couplings, enabling rapid adaptation to diverse and
dynamicdesign tasks.However, orchestrating severalneural networks raises
concerns about model consistency and overfitting, prompting the need for
robust calibration and cross-validation protocols.

In summary, advanced neural networkmodels address key limitations
of basic architectures by incorporating attention mechanisms,

dimensionality reduction, or multi-network ensembles. Specifically,
transformer-based frameworks enhance electromagnetic response control
by effectively capturing long-range interactions within metasurface arrays,
enabling accurate predictions of complex near-field phenomena and reso-
nant behaviors. Autoencoders facilitate efficient exploration of metasurface
design spaces through dimensionality reduction, significantly improving
the speed and accuracy of identifying optimal electromagnetic responses.
U-Net architectures ensure robustness in electromagnetic performance by
precisely modeling fine-scale geometric variations and manufacturing
imperfections. Furthermore, network fusion strategies dynamically inte-
grate multiple specialized networks to adaptively handle complex, broad-
band electromagnetic requirements, substantially accelerating inverse
design and optimization processes. They are particularly useful in scenarios
requiring large-scale optimizations, multi-physics constraints, or high
resilience to manufacturing errors. Yet, they may also introduce more
hyperparameters, heavier computational loads, and reliance on extensive
training datasets.

Sequence-based models. Sequence-based models leverage temporal or
ordered data structures to capture evolving design patterns or spectral
correlations in metasurface engineering. Unlike feedforward architectures,
these recurrent or hybrid networks consider the sequential nature of design
updates or spectral variations, enablingmore direct handling of dynamic or
iterative design processes.

For instance, LSTM networks have demonstrated direct predictions of
polarization sensitivity in nanofinmetasurfaces, thereby performing inverse
design with minimal reliance on computationally expensive simulations, as

Fig. 15 | Applications of advanced neural network methods in metasurface
design. a Transformer-based framework for designing all-dielectric surface-
enhanced Raman scatteringmetasurfaces, optimizing electric field distributions and
enhancing Raman signals through quasi-BIC coupling373. b Autoencoder-assisted
optimization of polarization holograms, enabling multi-channel storage and
reconstruction by learning polarization-dependent optical features378. c U-Net

model applied to establish robustness against fabrication uncertainties in metasur-
face design, ensuring stable performance despite manufacturing defects380. d In Situ
Customized Illusion Enabled by Global Metasurface Reconstruction using network
fusion521 e Network fusion of multiple neural networks for broadband metasurface
inverse design, enabling real-time optimization by integrating pre-trained
networks381.

https://doi.org/10.1038/s44310-025-00081-6 Review

npj Nanophotonics |            (2025) 2:39 27

www.nature.com/npjnanophoton


shown in Fig. 16a382. By taking extinction ratio as a core feature, LSTMs
mitigate the non-uniqueness issue in inverse problems, though they may
still struggle when design spaces become extremely large or nonlinear.
Meanwhile, GRU-based methods exploit physical correlations in spectral
data, such as theKramers-Kronig relation, as shown in Fig. 16b383, offering a
more compact memory mechanism and potentially faster convergence
compared to LSTM.Thesemodels are particularly helpful in cases requiring
real-time analysis of spectral shifts.

In addition, hybrid CNN-LSTM-DNN architectures can simulta-
neously extract spatial features and capture temporal relationships, as
demonstrated by space-time coding digital metasurfaces (Fig. 16384). Such
integrated methods are valuable when designing metasurfaces that must
adapt acrossmultiple operating conditions, yet they can bemore complex to
train and tune due to the increased number of parameters. Sequence-based
models collectively enhance electromagnetic response control by explicitly
capturing temporal dependencies and spectral correlations inherent in
metasurface design processes. By effectively modeling ordered interactions
among sequential parameters—such as wavelength-dependent optical
responses or iterative design updates—these architectures substantially
reduce simulationoverhead andaccelerate the inversedesignof dynamically
tunable metasurfaces. Sequence-based models significantly enhance pre-
diction accuracy for wavelength-dependent or dynamically tunable struc-
tures. Their recurrent architectures inherently model complex correlations
within electromagnetic spectra, thus reducing reliance on computationally
expensive simulations. However, these models often require substantial
sequential training data and may struggle to accurately represent spatial
interactions.

Graph-based models. Graph-based models have emerged as a potent tool
for representing metasurfaces where localized interactions between meta-
atoms significantly influence global performance385,386. By treating each unit
cell as a graph node and mapping its relationships (edges) according to

physical adjacency or coupling strength, these methods naturally incorpo-
rate spatial correlations that might be overlooked by conventional grid-
based or sequence-based representations.

A typical GNN model characterizes coupling effects in large-scale
metasurfaces by assigning geometric or material attributes to node fea-
tures and inverse-distance measures to edges (Fig. 17387). Such GNNs can
be augmented with diffraction theory or near-field transformations,
boosting their predictive accuracy for real-world deployments. Alter-
natively, graph convolution layers can focus on scattering properties, as
shown in Fig. 17388, enabling scalable modeling that adapts seamlessly to
different array sizes or shapes. Although these methods capture complex
interactions, they often demand careful architectural design to avoid
over-smoothing (where node features become indistinguishable) or
excessive computational overhead.

Graph Attention Networks (GANets) extend this framework by
learning attention weights that dynamically weigh the importance of each
edge in multifunctional metasurfaces (Fig. 17c389). This approach refines
inverse design by letting the model selectively focus on crucial interactions
for specific wavelength bands or polarization states. However, the added
flexibility also increasesmodel complexity and parameter count, whichmay
necessitate larger training datasets or more rigorous validation strategies.

Overall, graph-based models excel in scenarios involving strong cou-
pling effects or irregular, large-scale layouts. By explicitly modeling spatial
dependencies and inter-unit electromagnetic interactions as graph-
structured relationships, these methods inherently enhance electro-
magnetic response control. This approach allows precise characterization of
local coupling effects, enabling efficient optimization of global metasurface
performance by accurately predicting and manipulating near-field and far-
field responses. They serve as a complementary alternative to image-like
encodings or sequence-based representations, especially when local-to-
global interactions play a decisive role in metasurface performance. Bal-
ancing the benefits of detailed spatial modeling against the computational

Fig. 16 | Applications of sequence-based models in metasurface inverse design.
a Long short-term memory neural network for directly inverse design of nanofin
metasurface382. b GRU-based method utilizing the Kramers-Kronig relation to

leverage the physical correlation between the real and imaginary parts of spectral
data383. c Hybrid CNN-LSTM-DNN approach for space-time coding digital meta-
surfaces design384.
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cost of large-scale graph operations remains an active area of research,
underscoring the ongoing innovation in AI-driven metasurface design.

Generative models. Generative models are particularly attractive for meta-
surface design because they can efficiently explore high-dimensional para-
meter spaces to produce novel configurations that satisfy specific optical or
electromagnetic criteria390–394.Variational autoencoders (VAE), for instance,
compress intricate metasurface patterns into a continuous latent space,
enabling the creation of new absorber designs that exhibit broadband
absorption (Fig. 18a395). VAEs typically excel at smooth interpolation
between known configurations, but they may struggle with capturing fine-
grained details unless carefully regularized or combined with physics-based
constraints.

Progressing to more expressive frameworks, GANs directly map target
spectra or performance metrics to plausible metasurface layouts392,396,397,
bypassing extensive trial-and-error design, as Liu’s work shown in Fig. 18b390.
AlthoughGANs can generate highly diverse patterns, training instability and
mode collapse remain challenges, especially when balancing electromagnetic
fidelity against structural variation. Extensions like Wasserstein GAN (Fig.
18c398) alleviate some training issues by introducing an Earth Mover’s dis-
tance, facilitating more stable learning of phase-change absorbers for mole-
cularfingerprintdetection.TheAnchor-ControlledGAN(Fig. 18d360) further
refines design diversity by incorporating spectral overlap coefficients and
cluster-guided controllers, effectively exploring multiple structural config-
urations that fulfill similar target responses. Such anchor-based strategies
improve interpretability and allow designers to incorporate partial physics
constraints in the generative loop.

BeyondGANs, Flow-basedmodels offer a reversiblemapping between
partial and complete field information, making them well-suited for reco-
vering electromagnetic data in complex or partially obstructed domains
(Fig. 18e399). By modeling an explicit probability density, flow-based
approaches can integrate physical priors more easily, though they often
require careful architecture design tohandle large-scalemetasurface layouts.
Finally, hybrid models that combine VAEs and GANs (Fig. 18f400) aim to
reap the benefits of both latent-space smoothness and realistic sample
generation, reducing computational overhead while retaining high design
diversity.

These advanced generative models substantially broaden the meta-
surfacedesign space, enabling the discovery of novel and structurally diverse
solutions. By leveraging latent-space representations, adversarial training
mechanisms, and explicit density estimation, generative models system-
atically enhance electromagnetic response control. They enable designers to
efficiently navigate complex parameter spaces, predict optimal configura-
tions, and directly generate high-performance metasurface layouts, thereby
significantly reducing iterative optimization steps and computational costs
associated with traditional electromagnetic simulations. However, they also
impose new challenges, including maintaining physical realism within
generated designs, and ensuring compatibilitywith practicalmanufacturing
constraints.

Reinforcement learningmodels. Reinforcement Learning (RL) has gained
significant attention in various domains due to its ability to optimize
decision-making processes in dynamic, uncertain environments. Initi-
ally developed for robotics401–403, gaming404–406, and autonomous

Fig. 17 | Applications of graph-based methods in metasurface design. a Graph
Neural Network (GNN) for characterizing coupling effects in intelligent meta-
surfaces, modeling each unit as a node and defining inter-unit relationships with
distance-based edges387. b GNN-based modeling of electromagnetic scattering in

metasurfaces, predicting near-field distributions via graph convolution layers388.
c Graph Attention Network for inverse design of multifunctional metasurfaces,
adjusting the importance of interactions between units to improvemulti-wavelength
performance389.
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driving407–409, RL techniques have shown great promise in fields where
sequential decision-making or continuous adaptation is required. In
metasurface design, RL offers a compelling solution for addressing the
complexities of high-dimensional design spaces and dynamic perfor-
mance requirements. Even if the exploration process involves testing
many suboptimal designs, RL’s ability to eventually converge to a high-
performance metasurface from a large design space holds
significant value.

RL has shown significant promise for metasurfaces design410–412. For
example, double-deep Q-learning (DDQN), for instance, has been applied
to optimize metasurface holograms by selecting among material or geo-
metric parameters that maximize holographic efficiency, as shown in Fig.
19a413. Similarly, Deep Q-Network (DQN)-based methods navigate large
parameter spaces for solar absorber design, achieving high absorption at
visiblewavelengthswhileminimizing infrared absorption (Fig. 19b414). Such
approaches benefit from RL’s capacity for handling discrete actions or
configurations without requiring differentiable cost functions. For con-
tinuous or more complex freeform tasks, deep reinforcement learning fra-
meworks translate metasurface beam deflection or dynamic wavefront
shaping into Markov decision processes (Fig. 19c415), though the compu-
tational cost of training can be substantial due to repeated full-wave
simulations.

More advancedmethods like proximal policy optimization (PPO) and
asynchronous advantage actor-critic (A3C) enable dynamic metasurface
control, either by adjusting geometry in real time (Fig. 19d416) or designing
asymmetric polarization converters beyond traditional transmission limits
(Fig. 19e417). RL can also handle feedback-based reconfiguration, where bias
voltages or tunable elements are continuously adapted to meet changing
performance requirements (Fig. 19f418).

Reinforcement learning significantly enhances electromagnetic
response control inmetasurface design by systematically navigating high-
dimensional parameter spaces, optimizing sequential design decisions,
and dynamically adapting device configurations. By iteratively interact-
ing with simulated or real electromagnetic environments, RL efficiently
discovers high-performance metasurface structures that traditional
optimization methods may overlook, thereby enabling robust and
adaptive wavefront manipulation and electromagnetic functionalities.
Despite these advantages, RL methods often demand large-scale
exploration and numerous reward-based updates, which can be
resource-intensive. Balancing exploration (searching new configura-
tions) and exploitation (fine-tuning known good designs) is key to rea-
lizing RL’s full potential in metasurface engineering. As metasurface
designs become more complex, there is a need for more efficient simu-
lators or surrogatemodels that can accelerate RL training. Future research
will likely focus on improving the scalability of RL methods for large
metasurface arrays, integrating RL with physics-informed approaches to
reduce simulation costs.

Physics-informed models. Physics-informed and constraint-aware models
explicitly encode electromagnetic principles or fabrication limits into the
neural network or optimization loop419–421. These models play a pivotal role
in ensuring that AI-generated metasurface designs are physically feasible
and canbemanufactured inpractice.Unlike purely data-driven approaches,
which may generate abstract designs that lack physical relevance, physics-
informedmodels incorporate fundamental physical laws, such asMaxwell’s
equations, either directly or indirectly into the design process, thereby
enforcing constraints that ensuremanufacturability and functional viability.
Notably, recent advances demonstrate that embeddingMaxwell’s equations

Fig. 18 | Applications of generative models in metasurface design. a VAE-based
model formetasurface-based absorber design, generating new patterns for enhanced
broadband absorption395. b GAN-based framework for inverse design of meta-
surfaces, directly generating metasurface patterns from optical spectra390.
cWasserstein GAN applied to phase-change material absorbers for molecular fin-
gerprint detection, optimizing absorption spectra398. dAnchor-Controlled GAN for

improved electromagnetic fidelity and structural diversity, guided by spectral
overlap coefficients360. e Flow-based model for full-field electromagnetic informa-
tion recovery in inaccessible or low-resolution regions399. f Hybrid VAE-GAN
approach that combines the strengths of both latent-space encoding and realistic
sample generation400.
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directly into neural network loss functions—such as via Helmholtz
residuals422 or Lorentz-type dispersion constraints369—significantly enhan-
ces the physical fidelity and generalization of inverse design models. These
physics-informed networks inherently enforce electromagnetic principles,
such as energy conservation, causality, and material dispersion, thereby
enabling robust prediction across diverse regimes with reduced data
requirements423,424.

Surrogate-based optimization accelerates the design process by
approximating expensive simulations with pre-trained forward models3
55,425,426. For example, Ma et al.426 developed a deep learning-based sur-
rogate model to automatically learn the complex relationship between
metasurface structure parameters and optical responses, enabling direct
mapping from optical design goals to physical structures. This approach
establishes an end-to-end design framework, embedding deep learning
models into the optimization loop to generate metasurface structures
that meet the design requirements directly from the goals, as shown in
Fig. 20a. AndHuang et al.355 accelerated simulation results and facilitated
gradient-based optimization by replacing RCWA simulations with a
DNN surrogate model using pre-collected simulation data, as shown in
Fig. 20b. Surrogate-based physics-driven methods enable rapid, differ-
entiable design optimization by approximating costly simulations while

allowing direct goal-to-structure mapping for efficient automated
metasurface synthesis. Despite these advantages, surrogate models
inherently suffer from approximation errors due to limited training data
coverage and potential biases, which can lead to exacerbated inaccuracies
in the metasurface design.

Adjoint and topology optimizationmethods are key physics-informed
approaches in metasurface design. These methods enable gradient-based
fine-tuning by calculating the adjoint variables, ensuring physical feasibility
while optimizing performance427–429. For example, Jiang et al.427 computed
the efficiency gradient of forward and adjoint variables through electro-
magnetic simulations, using them for backpropagation in neural networks
to learn the physical relationship between geometry and optical response, as
shown in Fig. 20c. And Davoodi et al.423 proposes a physics-integrated deep
topology optimization framework that synergizes Maxwell-constrained
neural networks with tight-binding-derived topological invariants (e.g.,
winding numbers), ensuring electromagnetic consistency while distin-
guishing trivial and topological photonic modes, as shown in Fig. 20d423.
Adjoint and topology optimization methods can optimize the metasurface
design without relying on collected datasets. However, their computational
cost can be high, especially for large-scale designs with complex geometries,
as they require repeated electromagnetic simulations.

Fig. 19 | Applications of reinforcement learning methods in metasurface design.
a DDQN for optimizing metasurface holograms413. b DQN-based method for
designing perfect solar absorbers414. c Deep Reinforcement Learning for freeform
metasurface beam deflection415. d Proximal Policy Optimization (PPO) for dynamic

metasurface control416. e Asynchronous Advantage Actor-Critic (A3C) for asym-
metric polarization converters417. f Feedback-based RL for reconfigurable meta-
surface control418.
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We can also directly integrate fundamental physical principles into the
metasurface design process using deep learning frameworks419,422,430. For
example, Medvedev et al.422 developed a physics-informed deep learning
approach for 3Dmodeling of light diffraction in opticalmetasurfaces, where
PDEs are embedded directly into the loss function to accurately simulate
both near-field and far-field responses, as shown in Fig. 20e. Similarly, Shao
et al.419 proposed a physics-inspired deep learning architecture called the
electromagnetic neural network (EMNN), which consists of two compo-
nents: theEMNNNetlet, which serves as a local electromagneticfield solver,
and the Huygens-Fresnel Stitch, which concatenates local predictions. This
architecture enables rapid, accurate full-wave field predictions based on
arbitrary input fields and non-fixed geometries, as illustrated in Fig. 20f.
Directly integrating physical principles into deep learning models for
metasurface design can lead to physically accurate solutions, but it often
requires careful approximations, tricks, and simplifications to make the
approach computationally feasible and practically applicable.

In conclusion, the integration of physics-driven AI methodologies has
ushered in a paradigm shift for metasurface design, effectively bridging the
gap between data-driven black-box approaches and physical realizability.
Surrogate models, adjoint optimization, and physics-embedded neural
networks collectively address critical challenges in computational efficiency,
physical consistency, and manufacturing constraints. By explicitly embed-
dingMaxwell’s equations andmaterial constraints into neural architectures
or optimization loops, these physics-informed methods significantly

enhance electromagnetic response control, ensuring both accurate predic-
tion of complex optical behaviors and direct compliance with physical
limitations. Such rigorous incorporation of physical insights drastically
reduces the search space, accelerates convergence to optimal solutions, and
guarantees realistic, manufacturable metasurface designs. Nevertheless,
challenges persist in balancing computational costs, mitigating error pro-
pagation in surrogate models, and enhancing generalizability across multi-
band or multi-functional designs. Future research could focus on hybrid
approaches that synergize physics-based priors with few-shot learning
techniques, develop unified frameworks for multi-physics constraints, and
establish standardized benchmarks for evaluating model robustness. The
convergence of interpretable AI and domain-specific physical modeling
holds particular promise for designing next-generation metasurfaces with
unprecedented functionalities.

AI enhancement models. Although AI has achieved significant advance-
ments in metasurface design, inherent limitations within AI models still
persist, such as issues related to generalization, interpretability, and data
efficiency431. As a result, there has been a growing focus onAI enhancement
models in the metasurface design field, aiming to address these challenges.
Thesemodels aim toovercome the fundamental shortcomings of currentAI
approaches, including limitations in model adaptability, transparency, and
the need for large datasets. Specifically, three key approaches have emerged
to tackle these issues: transfer learning, active learning, and explainable AI,

Fig. 20 | Physics-informedmodels inmetasurface design. a Surrogatemodel-based
optimization426. b Broadband thermal imaging using metaoptics with DNN-based
surrogate model355. c Global optimization of dielectric metasurfaces using a physics
driven neural network427. d Physics-informed Neural Networks for diffraction and

polarization effects423. e Physics-informed deep learning for 3D modeling of light
diffraction from optical metasurfaces422. f Huygens-Fresnel physics-inspired pho-
tonic inverse design419.
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each playing a crucial role in enhancing the performance, flexibility, and
interpretability of AI systems in metasurface design432–435.

Transfer learning enables AI models to leverage knowledge from
related tasks, reducing the need for large datasets436,437. In metasurface
design, where acquiring diverse training data is difficult, transfer learning
allowsmodels to adaptquickly tonewdesign tasks, improving efficiencyand
reducing computational costs, which is particularly important for complex,
data-scarce design spaces366,432,433,438,439. Recent quantitative studies have
demonstrated its efficacy: PTLOR-Net reduces training data requirements
by a factor of 10whilemaintainingpredictive accuracy across diverse optical
regimes440; cross-domain transfer learning in terahertz biosensors achieves
comparable performance with 50% fewer samples441; and inverse design of
multifunctional metasurfaces benefits from 30 to 50% data savings while
preserving design fidelity434,442. Recent studies have demonstrated that
transfer learning not only reduces training data demands but also improves
model accuracy and robustness across varied metasurface tasks. For
example, Zhu et al.438 proposed a fast design method for functional meta-
surfaces using transfer learning, achieving high accuracy in generating
metasurface patterns from phase profiles, demonstrated in 2D focusing and
abnormal reflection applications, as shown in Fig. 21a. And Zhang et al.439

introducedheterogeneous transfer learning for efficientmetasurface design,
reducing error by up to 50% and enabling faster design across diverse
geometries and parameterizations, as shown in Fig. 21b. In metasurface

design, knowledge gleaned from simpler or related problems can be
repurposed to expedite inverse design inmore complex scenarios.However,
ensuring compatibility between source and target domains remains a
challenge, as large discrepancies in geometry or material properties can
diminish the benefits of transfer.

Active learning optimizes the learning process by selecting the most
informative data points for labeling, significantly reducing the data
requirements443,444. In metasurface design, where simulations or experi-
mental data are resource-intensive, active learning accelerates model
training by focusing on the most critical data, enhancing design efficiency
while minimizing data collection efforts445–447. For example, Kim et al.446

introduced a deep learning framework combining active transfer learning
and data augmentation to efficiently explore material design spaces,
achieving near-optimal solutions with minimal data and overcoming the
limitations of traditional generative models, as shown in Fig. 21c. In later
work, Kim et al.445 proposed a W-band frequency selective surface design
method using active learning-based binary optimization, achieving optimal
binary state configurations for distinct FSSprofileswith transmittancepeaks
at 79.3 GHz and Q-factors of 32.7, as shown in Fig. 21d.

ExplainableAI (XAI) enhances the interpretability of complexmodels,
making their decision-making processes transparent448,449. In metasurface
design, XAI is crucial for understanding the relationship between structural
parameters and optical performance, facilitating model trust and guiding

Fig. 21 | AI enhancement models for metasurface design. a Transfer learning for
rapid phase-to-pattern inverse design438. b Heterogeneous transfer learning across
different metasurface tasks439. c Active transfer learning with data augmentation for
exploring novel materials446. d Active learning-based binary optimization for high-

frequency metasurface design445. e XAI with SHAP analysis to elucidate nanopho-
tonic structure behavior450. f CNN-driven metasurface optimization for solar cell
enhancement, validated by SHAP-based interpretability451.
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design improvements450–452. For example, Yeung et al.450 proposed the use of
XAI through convolutional CNNs to predict and explain the electro-
magnetic response of metal-dielectric-metal metamaterials, revealing
underlying physics and identifying key spatial regions influencing absorp-
tion peaks in nanophotonic structures, as shown in Fig. 21e. And Razia
et al.451 utilized XAI in conjunctionwith CNN-based optimization to design
metasurfaces for tandem solar cells, using SHAP to interpret CNN pre-
dictions and gain insights into the design’s impact on efficiency, achieving
significant improvements in absorption and performance, as shown in Fig.
21f. Such interpretability not only fosters greater trust in AI-driven design
pipelines but can also yield physical insights that inspire new device con-
cepts or refine existing designs.

In conclusion, by re-using prior electromagnetic knowledge across
tasks, adaptively sampling themost informative designpoints, and revealing
the physical saliency of learned features, these strategies directly sharpen
control over amplitude, phase, and polarization responses—often achieving
comparable optical performance with an order-of-magnitude fewer simu-
lations andmarkedly higher design interpretability.While AI enhancement
models like transfer learning, active learning, and explainableAI address key
issues, such as data efficiency and model generalization in metasurface
design, there are still significant challenges to overcome. Issues like com-
putational resource demands, scalability, and the diversity of training data
remain under-explored in the context of metasurface design. Future
research should focus on these aspects to further improve the practical
application of AI.

The aforementioned AI models have demonstrated remarkable ver-
satility across the full spectrum of metasurface design scales, from opti-
mizing individual unit-cell structures355,372,453,454 to configuring global
metasurface layouts363,374,455 and even enabling holistic system-level co-
design177,241,456,457. By leveraging hierarchical architectures and differentiable
surrogate models, these methods facilitate the co-optimization of local
scattering physics and global wavefront objectives within a unified com-
putational graph. In contrast, conventional multiscale strategies—such as
nested topology optimization—often suffer from poor scalability, slow
convergence, and design space fragmentation due to their sequential nature
and exponential growth of parameters458. Building upon these foundational
advantages, recent advances have enabled genuinely multiscale—or even
cross-scale—optimization, wherein deep learning frameworks directly
couple nanostructure-level physics with system-level optical targets without
the need for intermediate hand-off stages. For example, Yeung et al.455

developed a tandem-residual neural network that efficiently explores a 3-
trillion-point design space of metal-insulator-metal supercells, enabling
spectral goals to be mapped directly to broadband, multiplexed absorber
configurations. Ha et al.420 introduced a physics-data-driven “intelligent
optimizer” that incorporates local coupling corrections within 5 × 5 meta-
atom blocks and propagates them across centimeter-scale apertures,
achieving the design and fabrication of a high-efficiency 1-cm metalens
system in only a few hours. Extending to full-system control, Chi et al.241

proposed an end-to-end framework that jointly optimizes nano-geometry
and macroscopic layout to realize multi-wavelength, tri-polarization holo-
graphy, achieving a sixfold improvement in structural similarity compared
to sequential design strategies. They underscore how modern AI archi-
tectures have transformed electromagnetic-response control from a frag-
mented, iterative task into a continuous, gradient-informed pipeline—
paving the way for the integrated, multiscale optimization paradigms.

From the learning paradigm perspective, AI models discussed above can
be broadly categorized into supervised and unsupervised approaches. Super-
vised models—such as CNNs370,371, GNNs387,389, and Transformers375,376—
requirepaired structure-responsedata and excel indeterministic inversedesign
tasks where accurate geometric-to-optical mappings are essential. In contrast,
unsupervised learning methods—including VAEs395,459, GANs392,396, and flow-
based models399,460—do not rely on labeled pairs but instead learn latent dis-
tributions of high-performing metasurface patterns from unannotated data.
These models are particularly advantageous in design scenarios characterized
by non-uniqueness, such as multi-functional metasurfaces with degenerate

solutions, or when labeled datasets are scarce due to the high cost of full-wave
simulations. In such contexts, unsupervised generative models enable rapid
exploration of the solution space, synthesis of diverse structures, and incor-
poration of implicit physical priors, thereby offering enhanced generalization
and data efficiency.

In summary, this section presents a comprehensive overview of the
diverse deep learning models used in metasurface design, categorized into
eight primary approaches: Fundamental Neural Network-Based Models,
Advanced Neural Network Models, Sequence-BasedModels, Graph-Based
Methods, Generative Models, Reinforcement Learning Models, Physics-
Informed Models, and AI Enhancement Models. Each of these methodol-
ogies offers unique strengths, addressing specific challenges such as spatial
coupling, nonlinearity, dynamic optimization, and physical feasibility.
However, these methods also face limitations, including computational
overhead, data dependencies, and challenges in managing complex geo-
metries and multi-physics constraints. Consequently, hybrid approaches,
which combine multiple models, are often necessary to balance perfor-
mance, computational efficiency, and physical consistency. Looking ahead,
the future of metasurface design will likely benefit from advancements in
large-scale deep learning models for more efficient multi-dimensional
design space exploration. Diffraction neural networks and physics-
constrained deep learning models are pushing the boundaries of simulat-
ing complex optical behaviors while integrating fundamental physical
principles. Moreover, the development of multi-physics optimization stra-
tegies, where electromagnetic, mechanical, and thermal simulations con-
verge, will enhance the robustness and applicability of metasurfaces across
various domains. These innovations are expected to enable the design of
adaptive, multifunctional metasurfaces that can meet the next-generation
imaging systems.

Prospects of metasurface design in the future
Building on the comprehensive design framework presented in our “From
Performance to Structure” approach, this section explores potential
advancements and emerging trends in next-generation imaging metasur-
face design.While someof these ideasmay alignwithongoing research, they
reflect the dynamic and rapidly evolving nature ofmetasurface engineering,
offering a forward-looking perspective grounded in our framework.

End-to-end metasurface design
This subsection explores an end-to-end metasurface design approach,
inspired by the holistic framework, which integrates desired optical func-
tionalities directly into the final metasurface configuration. Leveraging AI
algorithms, this methodology aims to streamline the design process,
enabling comprehensive optimizations that surpass traditional stage-by-
stage design.

End-to-End (E2E)metasurfacedesignmethods177,241,457 aim to integrate
the design of imagingmetasurface structures with the image reconstruction
process into a unified optimization framework, thereby achieving syner-
gistic enhancements in overall system performance. Metasurface-assisted
imaging systems face numerous challenges, including manufacturing lim-
itations, material losses, and structural complexities, which result in low-
quality raw imaging data. These issues prevent the full potential of the
metasurface’s superior electromagnetic response control from being rea-
lized, thereby degrading image clarity and accuracy. To address these
challenges, computational imaging methods461–463 have emerged, sig-
nificantly enhancing image quality through advanced reconstruction algo-
rithms. However, computational imaging methods primarily focus on
optimizing the image reconstruction algorithms themselves, neglecting the
intrinsic interdependencies between metasurface design and image recon-
struction processes.

Inmetasurface-assisted imaging systems, the design of themetasurface
and the image reconstructionprocess are deeply interconnected.Thequality
of the raw data acquired by the metasurface directly impacts the perfor-
mance of image reconstruction algorithms, making it crucial to jointly
optimize both aspects for optimal system performance. E2E design
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methods, which optimize metasurface structures and image reconstruction
algorithms simultaneously, have emerged as an important research direc-
tion to maximize overall system efficiency.

Several studies457,464–467 have made notable advancements in E2E
metasurface design. For example, Tseng et al.468 devise a fully differentiable
learning framework that learns the metasurface physical structure in con-
junction with a neural feature-based image reconstruction algorithm, pre-
senting a high-quality, nano-optic imager that combines thewidest field-of-
view for full-color metasurface operation. And Yin et al.177 proposed an
inverse design framework that directly links metasurfaces with recon-
structed images using a loss function to guidemetasurface updates, enabling
multi-dimensional multiplexed metasurface holography. Similarly, Xia
et al.469 jointly optimized coded aperture metasurfaces and residual self-
attention networks for snapshot full-Stokes imaging, significantly improv-
ing imaging quality and efficiency, though challenges remain in geometric
control andmanufacturing precision. To break the trade-off in imaging, Seo
et al.240 demonstrated deep-learning-driven E2E metalens imaging, over-
coming the trade-off between broadband focusing efficiency and operating
bandwidth to achieve high-quality, aberration-free full-color imaging. Zhu
et al.470 introduced a direct field-to-patternmonolithic designmethod using
residual encoder-decoder convolutional neural networks, which accelerated
holographic metasurface design by reducing unit coupling. In the latest
research, Chi et al.241 proposed a neural network-assisted end-to-end design
framework that facilitates global, gradient-based optimization of multi-
functional meta-optics layouts for full light field control, harnessing the
dispersive full-parameter Jones matrix, orthogonal tri-polarization multi-
wavelength-depth holography.

Despite these advancements, current E2E design methods face sig-
nificant challenges, such as the need for large, high-quality training datasets,
limited generalization across diverse design tasks, and high computational
costs associated with comprehensive AI models. Moreover, effectively
integrating the objective functions of metasurface design and image
reconstruction remains a critical challenge to ensure mutual enhancement
during optimization. Future research should focus on developing more
efficient and robust E2E optimization frameworks. Key directions include
enhancing data diversity and quality using techniques like GANs to
improve model generalization; optimizing network architectures, such as
integrating GNNs, to better capture the complex relationships between
design parameters and image outcomes; reducing computational costs
through model compression and acceleration; improving model inter-
pretability by developing transparentAImodels that clarify the connections
between metasurface design and image reconstruction; and integrating
multi-objective optimization strategies to consider both design parameters
and imagequalitymetrics. These advancements are expected to significantly
improve the performance and efficiency of next-generation metasurface-
assisted imaging systems, enabling higher quality andmore efficient optical
imaging.

Multi-objective metasurface design
Multi-objective metasurface design471–473 aims to optimize multiple elec-
tromagnetic responses—such as amplitude, phase, polarization, and spec-
tral characteristics—within a single metasurface structure474. While
metasurfaces inherently offer extensive tunability at the subwavelength
scale, fully harnessing this potential necessitates a comprehensive approach
that simultaneously addresses the interdependencies among different per-
formancemetrics.However, this complexity remains a significant challenge,
as optimizing these coupled properties requires more than simply addres-
sing them in isolation.

Although previous studies have demonstrated metasurfaces that
address multiple functionalities, many existing designs still focus on only a
limited subset of electromagnetic dimensions72,138,475–477. The majority of
current approaches employ stepwise or segmented optimization strategies,
which often fail to provide a unified framework for truly multi-objective,
multi-dimensional electromagnetic control.As a result,while someprogress
has been made in optimizing certain aspects, the joint optimization of

amplitude, phase, polarization, and spectral responses insufficiently
explored, limiting the ability of metasurfaces to meet the demands of
complex, real-world applications.

Achievingmulti-objectivemetasurface design is challenging due to the
complex coupling between different electromagnetic objectives. For
example, optimizing amplitude for transmission efficiency often compro-
mises phase accuracy, while expanding operational bandwidth may reduce
polarization selectivity. Traditional methods, such as linear weighting or
sequential design, fail to capture these interdependencies, resulting in sub-
optimal solutions. Hence, a more systematic optimization approach is
needed, one that treats amplitude, phase, polarization, and spectral response
as interconnected objectives rather than isolated targets. Future research
should focus on decoupling and analyzing the relationships between these
parameters from a physical principles perspective. Understanding the
underlying coupling mechanisms between multiple electromagnetic
objectives is essential for effective optimization. Additionally, from the
encoding and decoding perspective, new methods are needed to handle
these high-dimensional, multi-dimensional electromagnetic responses
simultaneously. These responses, represented in different dimensions—
pose a challenge for integration into a unified design framework.Moreover,
in terms of data collection, there is a need for the generation of richer, more
diverse multi-dimensional datasets that capture the full complexity of these
interactions. This datawill serve as a foundation for trainingmodels that can
handle the intricacies of multi-objective optimization. Algorithmically,
leveraging advanced multi-objective evolutionary algorithms, swarm
intelligence, and reinforcement learning, will be key to navigating high-
dimensional design spaces and efficiently identifying Pareto-optimal solu-
tions. These algorithms can enable designers to explore the trade-offs
between competing performance criteria and select the best solutions
according to specific application requirements. Additionally, surrogate-
assistedAImethods can further accelerate the optimizationprocess,making
it feasible to explore large design spaces with reduced computational
overhead. By overcoming these challenges, multi-objective metasurface
design can unlock the full potential of metasurfaces for sophisticated light
manipulation, driving advances in metasurface design for next-generation
imaging.

Manufacturing-aware metasurface design
Thepursuit of highly functionalmetasurfaceshas driven thedevelopmentof
high-degree-of-freedom design methodologies, such as free-form
metasurfaces288,392,478–480, which enable precise electromagnetic wave
manipulation across various parameters. However, the practical realization
and scalability of these advanced designs are hindered by significant fabri-
cation challenges, including stringent precision requirements, process
complexity, and high production costs. These manufacturing constraints
limit the widespread application of metasurfaces.

In response to these challenges, recent studies have incorporated fab-
rication considerations directly into themetasurface design process454,481–484.
For instance, Zhang et al.454 introduced a Bayesian neural network approach
to quantify uncertainties arising from material properties and geometric
precision during fabrication, thereby enhancing the robustness of the design
by simulating manufacturing-induced errors. Similarly, Ueno et al.481 pro-
posed a fabrication-friendly method for dual-band optical collimators,
leveraging CNNs and a meta-atom selector to address fabrication limita-
tions, such as minimum feature sizes, ensuring that metasurfaces remain
manufacturable using current nanofabrication technologies. Huang et al.482

further advanced this approach by generating random-shaped meta-atoms
with smooth boundaries, resolving issues like sharp edges and small feature
sizes that often complicate micro/nano-fabrication processes. Additionally,
Pitilakis et al.483 co-designed reconfigurable metasurfaces with integrated
circuit chips, enabling dynamic wavefront manipulation while adhering to
manufacturing constraints. Moreover, Zhang et al.484 demonstrated
broadband holograms that maintain high tolerance to fabrication errors,
ensuring consistent performance across awidewavelength range even in the
presence of geometric deviations.
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Looking ahead, future research should prioritize the development of
comprehensive optimization frameworks that integrate both fabrication
constraints and electromagnetic performance objectives. In constraint
characterization, advancementsmust focus ondifferentiablemanufacturing
models that encode multi-physics limitations—such as stochastic edge
roughness in lithography or elastic deformation in nanoimprinting—into
topology-aware design spaces, enabling AI to natively “understand” fabri-
cation boundaries. Algorithmically, hybrid physics-data frameworks should
emerge, combining reinforcement learning-driven topologygeneratorswith
adversarial networks to eliminate non-manufacturable features (e.g., over-
hangs, acute angles) while embedding historical process deviation data as
penalty functions through transfer learning. Additionally, the synergy
between advanced manufacturing technologies—such as nanoimprint
lithography, high-precision photolithography, and 3D printing—and
innovative designmethodologies is essential for achievinghigher fabrication
precision and reducing production costs. Last but not least, we should also
construct multimodal fabrication-performance databases (e.g., e-beam
lithography dose-topography mappings, 3D-printed interlayer stress-
optical response correlations) and synthetic data engines to overcome
small-sample learning limitations. In summary, manufacturing-aware
metasurface design plays a pivotal role in bridging the gap between theo-
retical innovations and their practical implementations. By embedding
fabrication constraints directly into the design process and adopting robust
optimization strategies, future metasurfaces can achieve improved perfor-
mance, enhanced reliability, and greater commercial viability, paving the
way for significant advancements in next-generation imaging.

Fast solver-aided metasurface design
Simulation plays a critical role in the design and optimization of meta-
surfaces by enabling the prediction of electromagnetic responses and
facilitating the iterative refinement of designs. Traditional methods like
Finite-Difference Time-Domain (FDTD), Finite Element Method (FEM),
and Rigorous Coupled-Wave Analysis (RCWA) are commonly used, but
these methods, while accurate, are computationally expensive and time-
consuming, especially for complex structures. Given the high degree of
freedom and inherent complexity of metasurface structures, the ability to
perform fast and accurate simulations is essential. Rapid simulation tools
not only accelerate the design process but also allow for the exploration of
more complex, high-performance metasurface configurations.

To achieve fast simulations in metasurface design, two primary stra-
tegies have emerged. The first strategy focuses on developing physics- and
mathematics-based solvers to enhance the computational efficiency of
solvingMaxwell’s equations. Advanced numerical techniques485–488, such as
the fast multipole method (FMM)489,490 and the method of moments
(MoM)491,492, have been optimized to reduce computational complexity
while maintaining high accuracy. FMM accelerates the computation of
long-range interactions by employing multipole expansions, significantly
reducing the computational burden.MoMdiscretizes the structure into a set
of integral equations, efficiently handling complex geometries. These
methods enable the simulation of large-scale, high-frequency metasurface
structures within feasible timeframes, supporting more comprehensive
design explorations and enabling the realizationof complex electromagnetic
functionalities. However, challenges such as maintaining numerical preci-
sion in highly intricate designs still remain, and future research will likely
focus on accelerating simulations by leveraging physical principles and
approximations while ensuring the preservation of accuracy.

The second strategy leverages AI and ML models to predict electro-
magnetic responses. AI-driven forward prediction models, such as CNNs
and GNNs, offer significant speed advantages by approximating solutions
once trained354,369,379,421,493. These models are inherently differentiable, which
benefits gradient-based optimization techniques, thus enabling more effi-
cient navigation of the design space. However, a major challenge lies in the
accuracy of these AI models, particularly in multi-dimensional electro-
magnetic scenarios. Future research should focus on improving the preci-
sion of these AI models and developing strategies to mitigate prediction

errors. One promising approach is uncertainty quantification, which could
enhance the reliability and robustness of AI-driven models. Furthermore,
hybrid models that combine AI predictions with traditional solvers could
bridge the gap between speed and accuracy, making AI-based methods
more applicable to practical metasurface design.

In conclusion, integrating fast solvers—whether through advanced
numerical methods or AI-driven models—is critical for efficient metasur-
face design. These advancements not only reduce the time and computa-
tional resources required for simulations but also enable the exploration of
more sophisticated and high-performance metasurface designs. Continued
progress in these areas will pave the way for the development of innovative
metasurface devices, unlocking new possibilities in applications of next-
generation imaging.

Large-area metasurface design
In imaging applications, high-quality imaging systems typically require
large optical elements to capture as much optical information as possible,
thereby achieving a wide field of view and high resolution. Large-area
metasurfaces, through the uniform design and precise control of sub-
wavelength structures across the entire imaging plane, enable continuous
and accurate wavefront shaping over the entire device478,485,494,495. Their
ability to manipulate electromagnetic waves over extensive surfaces makes
them ideal for applications such as high-resolution imaging, wide-field
holography, and large-scale beam shaping. Recent advancements in fabri-
cation technologies have significantly improved the scalability and uni-
formity of large-areametasurfaces, which is crucial for their integration into
manufacturing sectors that demand high precision and consistency.

Despite these advancements, designing large-area metasurfaces
remains a significant challenge496–498. On one hand, the design process must
integrate detailed subwavelength features with the overall macroscopic
optical performance, leading to an exponentially larger parameter space
compared to small-area metasurfaces. This demands high-fidelity physical
models that accurately simulate the interactions between individual meta-
atoms and their collective effect on the wavefront. Additionally, the non-
linear coupling between local and global optical properties often results in
complex optimization landscapes with numerous local minima, making it
exceptionally difficult for conventional numerical methods to identify the
global optimum. From a fabrication perspective, large-area implementation
is also constrained by scalability. Electron-beam lithography, though pre-
cise, is costly and time-consuming. Alternatives such as nanoimprint and
deep ultraviolet lithography offer higher throughput and lower cost, but still
face issues related to defect tolerance and uniformity across wafer-scale
areas485,499,500.

To overcome these challenges, future advancements in large-area
metasurface design for imaging are expected to center on the integration of
intelligent optimization and multi-scale modeling techniques. The utiliza-
tion of machine learning, deep learning, and topology optimization meth-
odspromises to automate andaccelerate the global search for optimal design
parameters, ensuring that both local structural features and overall system
performance are harmoniously balanced. In parallel, incorporating fabri-
cation constraints—such as pattern pitch limits, stitching tolerances, and
aspect ratio requirements of scalable techniques like nanoimprint or UV-
lithography—into the design process will be essential to ensure manu-
facturability and yield. Furthermore, the development of advanced multi-
physics simulation frameworks capable of concurrently addressing elec-
tromagnetic interactions and structural nuances will help reduce compu-
tational complexity. These innovations are poised to overcome current
design bottlenecks, ultimately leading to more robust, high-performance
metasurface-based imaging systems with superior wavefront control and
minimized aberrations.

Metasurface array design
Array-based metasurfaces have demonstrated remarkable potential in
applications such as wide-field imaging, multi-channel sensing, and light
field imaging. In contrast to single metasurfaces, arrayed architectures can
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effectively expand the optical aperture on a macroscopic scale, enabling
parallel functionalities. This capability provides a more favorable balance
among resolution, field of view, and system flexibility. Several studies have
highlighted these advantages: a 9 × 9microlens array significantly improves
scanning efficiency in fluorescence microscopy501, directional metalens
arrays enablewide-angle, three-dimensional LiDARbyeliminating theneed
for mechanical scanning502, and monolithic integration of microlenses with
optical detectors enhances near-infrared detection sensitivity503. In more
complex applications—ranging from large-area floating displays504 and
near-eye three-dimensional imaging201 to single-shot full-Stokes polariza-
tion detection and multiphoton quantum sources132,505—array-based
metasurfaces similarly offer higher-dimensional degrees of freedom and
increased functional integration.

However, as the size of these arrays increases, the design and optimi-
zation process becomes significantly more complex. Current metasurface
array designs predominantly assume homogeneous elements to simplify
modeling through periodic boundary conditions. However, as imaging
applications advance, there is a growing need for heterogeneous arrays—
where each metasurface element possesses a unique design to capture
diverseoptical information such as angulardistributions.This heterogeneity
introduces several challenges. Firstly, individual elements must be opti-
mized to deliver high-precision optical responses over specific wavelengths
and incident angles. At the same time, their non-identical responses lead to
complex inter-element coupling, making it difficult to predict the overall
system performance. Secondly, the design process must address an expo-
nentially larger parameter space due to the independent optimization of
each element, resulting in a highly nonlinear, multi-objective optimization
problem that is prone to local minima. These challenges necessitate the
development of new computational models and simulation tools that can
handle multi-scale and multi-physics phenomena.

Looking ahead, future research on array-based metasurfaces is
anticipated to concentrate on several key avenues. First, addressing the
inherent complexity of large, heterogeneous arrays will necessitate high-
dimensional cooperative optimization and accelerated algorithms. Such
techniques are vital for effectively navigating the vast, nonlinear design
space. Second, the integration of concurrent multifunctionality with adap-
tive control is imperative. Incorporating adaptivematerials—such as phase-
change substances or liquid crystals—can confer dynamic tuning cap-
abilities, enabling individual elements to modulate their responses in real
time and support functionalities like polarization or spectral imagingwithin
a single metasurface plane. Finally, an application-driven, differentiated
design paradigm will allow sub-arrays to specialize in discrete tasks (e.g.,
ultrawide-field microscopy, single-exposure polarization imaging, or
quantum path encoding), thereby enhancing overall system performance.
Collectively, these strategies are poised to fully exploit the potential of
metasurface arrays in next-generation, multifunctional imaging systems.

Cascaded metasurface design
Cascaded metasurface design involves serially stacking multiple metasurface
layers,with each layer engineered toperforma specificoptical function36,172,506–508.
This layeredapproachenables thedecompositionofcomplexoptical tasks—such
as initial wavefront correction, dispersion compensation, and localized focusing
—across different stages, thereby increasing the overall system’s degrees of
freedom and achieving broadband as well as multi-angular responses. By dis-
tributing the optical manipulation across several cascaded layers, the approach
not only enhances optical efficiency but also alleviates the stringent fabrication
tolerances required for single-layer designs. This makes cascaded metasurfaces
particularly promising for advanced imaging, holographic displays, and optical
sensing applications where compactness andmultifunctionality are paramount.

However, the introduction of vertical stacking introduces complexities
in the electromagnetic coupling between layers199,509. Each layer indepen-
dently responds to phase and amplitude variations, and the superposition of
these responses cannot be treated as a simple linear addition. Cross-layer
interactions, therefore, can either reinforce or offset each other, compli-
cating the overall system performance. Solely optimizing each layer

independently risks ignoring these interlayer coupling effects, which often
leads to suboptimal performance at the system level. Moreover, each layer’s
design parameters—such as the geometry, material properties, and thick-
ness of its constituent meta-atoms—affect its individual optical response,
while also interacting with adjacent layers through interference and dif-
fraction phenomena. These interdependencies introduce highly nonlinear,
multi-objective optimization problems that are not readily addressed by
traditional single-layer design methods. Finally, practical issues such as
interlayer alignment precision and material losses add additional layers of
complexity, making it challenging to bridge the gap between theoretical
models and experimental realizations.

Future research should specifically address theunique challengesposed
by the layered structure of cascadedmetasurfaces. One promising direction
is the development of advanced simulation and analytical frameworks that
accurately capture inter-layer interactions. This could involve extending
rigorous methods—such as coupled-wave analysis, transfer matrix
approaches, or finite-difference time-domain simulations—to fully account
for the cumulative phase shifts and interference effects inherent in multi-
layer systems. Additionally, novel design strategies are needed to incorpo-
rate inter-layer compensation techniques. For instance, integrating engi-
neered spacer layers with tailored refractive properties or embedding
calibration elements between metasurface layers could mitigate misalign-
ment and phase accumulation errors. Furthermore, the incorporation of
real-time feedback systems—such as in-situ optical monitoring combined
with active alignment mechanisms (e.g., MEMS-based adjustments)—can
provide dynamic compensation for fabrication variances and environ-
mental fluctuations. These integrated, layer-specific innovations are
expected to pave the way for next-generation cascaded metasurface designs
with significantly enhanced performance and robustness in complex optical
systems.

Dynamic tunable metasurface design
Dynamic tunable metasurface design is pivotal in imaging systems, parti-
cularly in scenarios where environmental conditions or imaging require-
ments vary over time510–512. By enabling real-time modulation of optical
responses—such as adaptive wavefront correction, focal length adjustment,
and variable field-of-view control—these systems can compensate for
aberrations and optimize image quality under diverse conditions. This
adaptability is crucial for advanced imaging applications, where high
resolution and contrast must be maintained despite dynamic changes in
illumination, scene depth, or object motion510,513,514.

However, realizing tunability in metasurfaces requires more than
simply embedding a drive mechanism515–517. From a design perspective,
selecting suitable materials and control methods involves balancing various
parameters, such as energy consumption, switching speed, and durability,
while maintaining high transmission or reflection efficiencies. Moreover,
dynamic tunability introduces significant challenges primarily due to the
need for comprehensive multi-state modeling and robust multi-objective
optimization. Designers must construct accurate, time-dependent optical
models that capture the behavior of themetasurface across various dynamic
states, accounting for nonlinear coupling effects during state transitions.
Each state may target distinct optical functions—such as aberration cor-
rection or focal tuning—which must be balanced and integrated into a
unified design. This requirement leads to a high-dimensional optimization
problem, where the design space expands rapidly with additional degrees of
freedom and conventional static design methods fall short. In addition to
design complexity, manufacturing poses a practical bottleneck for tunable
metasurfaces19,518,519. Current implementations often rely on electron-beam
lithography, which is cost-prohibitive and lacks scalability. Emerging
alternatives such as nanoimprint lithography offer improved throughput
but still face challenges in overlay accuracy and material integration, par-
ticularly under dynamic actuation.

Future research should aim to develop integrated design frameworks
that cohesively merge multi-state optical modeling with real-time control
strategies. One promising direction is the creation of robust, multi-objective
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optimization algorithms that incorporate sensitivity analysis and data-
driven models to efficiently identify and fine-tune key design parameters
across all dynamic states. Moreover, the development of simulation tools
that integrate time-domain analysis with optical performance evaluation
will be critical for predicting system responses during continuous tuning.
Ultimately, incorporating adaptive feedback mechanisms to dynamically
coordinate the design, simulation, and control processes is expected to
enhance both the precision and responsiveness of dynamic tunable meta-
surface systems in complex imaging environments, while future manu-
facturing research should focus on scalable, high-yield fabrication strategies
compatible with dynamic integration.

Hybrid optics and metasurface design
Metasurfaces have revealed new capabilities for fine-grained wavefront
manipulation that traditional components alone cannot achieve520. However,
the short-term limitations of metasurfaces—such as challenges with wide-
band efficiency and large-area uniformity—mean that they are not yet suited
to completely replace conventional optics. As a result, hybrid systems that
combine macroscopic optical elements with metasurface layers provide a
promising path forward, blending the proven strengths of classical devices
with the subwavelength enhancements offered by metasurfaces41,43. The
synergistic combination of these two approaches enables dynamic wavefront
correction,multi-modal imaging, andenhancedcontrast, ultimately elevating
overall imaging performance and adaptability in challenging environments.

Nevertheless, simply adding a metasurface to a traditional lens or
reflector does not automatically guarantee optimal system performance. At
the system level, the coupling between the macroscopic geometry of the
optical device and the micro-/nano-scale structures of the metasurface can
introduce unexpected phase shifts, diffraction effects, or bandwidth dis-
tortions. If the metasurface is treated as a mere post-correction layer,
without considering the interdependencies between the conventional
component and the metasurface, issues, such as undesirable distortions or
efficiency losses may arise. Furthermore, the overall imaging performance
hinges on the simultaneous optimizationof localmetasurface functionalities
and global optical behavior. This results in a high-dimensional, multi-
objective, and nonlinear design problem that exceeds the capabilities of
conventional optimization techniques.

Future research should focus on developing unified design frameworks
that bridge the gap between geometric optics and full-wave electromagnetic
analysis. A promising approach involves the creation of hybrid simulation
tools that combine macroscopic ray-tracing with localized full-wave simu-
lations, enabling precise prediction of system-level optical performance.
Additionally, advanced multi-objective optimization algorithms—poten-
tially augmented by data-driven methods—are essential for systematically
balancing the conflicting requirements of resolution, aberration correction,
and contrast. Moreover, exploring hierarchical and modular design strate-
gies that decouple global imaging requirements from local metasurface
functionalities could facilitate scalable and efficient system design. These
design-centric innovations will form the foundation for next-generation,
high-performance imaging systems that fully exploit the synergistic benefits
of hybrid optics and metasurfaces.

Conclusion
This review has explored the remarkable potential of metasurfaces to
transform next-generation optical imaging systems by providing
subwavelength-scale electromagnetic control. Through the “From Perfor-
mance to Structure” design paradigm, we have shown how essential 9
imaging specifications—such as achromatic imaging, expandedfield of view
imaging, depth of field extension imaging, resolution enhancement ima-
ging, multidimensional data capture imaging, feature enhancement ima-
ging, holographic field reconstruction imaging, functional intergration
imaging and compact integration—can be translated into precise 6 elec-
tromagnetic requirements, including phase, amplitude, polarization,
wavefront, orbital angular momentum, and spectral control. By mapping
these performance requirements onto specialized metasurface

microstructures, we highlighted how metasurfaces can enable unprece-
dented advancements in optical imaging while maintaining compactness
and versatility.

A central theme of this review has been the integration of AI to
streamline the design process. AI has played a crucial role in navigating vast
design spaces and optimizing metasurface configurations with minimal
trial-and-error. We have categorized three primary design approaches—
physically-driven, meta-heuristic, and AI-driven—and analyzed six pri-
mary encoding and decoding strategies and eight common AI techniques.
The AI-drivenmethodologies enable faster design cycles andmore efficient
solutions, accelerating the transition from theoretical models to practical,
high-performancemetasurface designs. This integration is especially critical
in addressing the challenges of nonlinearity and complexity inherent in
high-dimensional metasurface design.

Looking to the future, we identified nine key research directions—end-
to-end metasurface design, multi-objective metasurface design,
manufacturing-aware metasurface design, fast solver-aided metasurface
design, large-area metasurface design, metasurface array design, cascaded
metasurface design, dynamic tunablemetasurface design, and hybrid optics
and metasurface design. These emerging directions offer exciting prospects
for scaling and enhancing metasurface performance across a wide range of
imaging domains. The continued development of AI-driven design fra-
meworks and advanced solvers will be pivotal in overcoming current lim-
itations, including fabrication challenges, narrow operational bandwidths,
and integrationwith conventional optical systems. In conclusion, the “From
Performance to Structure” design paradigm, powered by AI, provides a
robust framework for optimizingmetasurface design and unlocking the full
potential of these technologies in imaging applications. As AI continues to
evolve, it will play an increasingly critical role in shaping the next generation
of optical imaging systems, enabling highly functional, scalable, and efficient
metasurface-based imaging devices that promise to revolutionize
diverse fields.

Data availability
No datasets were generated or analyzed during the current study. A well-
classified and continuously updated paper list related to this work can be
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