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Abstract

Seed phenomics is a critical research field for understanding seed germination mechanisms.
Metasurfaces, composed of subwavelength nanostructures, offer a promising pathway to
achieve both dispersion control and imaging functionalities within an ultra-compact form
factor. Recent advances in micro–nano-optics and computational imaging have opened
new avenues for high-dimensional, multimodal imaging. However, conventional hyper-
spectral and light-field systems still face limitations in compactness, depth resolution,
and spectral–spatial integration. This review summarizes recent progress in metalens and
metasurface lens array-based light-field systems for hyperspectral imaging and 3D recon-
struction, with a focus on the underlying principles, design strategies, and reconstruction
algorithms that enable single-shot 3D hyperspectral acquisition. We further present a
forward-looking roadmap toward the realization of a revolutionized imaging paradigm:
a metasurface-based light-field platform that fully integrates 3D and hyperspectral imag-
ing capabilities. In particular, we examine how dispersive metasurfaces serve as core
optical elements for precise dispersion control in hyperspectral imaging systems, while
metalens arrays enable accurate modulation of spatial–angular distributions in light-field
configurations. We systematically review both 3D and spectral reconstruction algorithms,
highlighting their roles in decoding complex optical encodings. The application of these
integrated systems in seed phenotyping is emphasized, demonstrating their capability to
capture 3D spatial–spectral distributions in a single exposure. This approach facilitates high-
throughput analysis of morphological traits, germination potential, and internal biochem-
ical composition, offering a comprehensive solution for advanced seed characterization.
Finally, we outline a practical roadmap for implementing a metasurface-based light-field
platform that integrates hyperspectral imaging and computational 3D reconstruction. This
review offers a comprehensive overview of the state of the art in compact 3D light-field sys-
tems and multimodal hyperspectral imaging platforms, while providing forward-looking
insights aimed at advancing smart seed phenotyping, precision agriculture, and next-
generation optical imaging technologies.
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1. Introduction
Rice and maize are among the world’s most important staple crops, collectively serv-

ing as primary food sources for nearly half of the global population. They are not only
the world’s largest cereal by production volume, but also key raw materials spanning food,
feed, and diverse industrial applications [1,2]. Their deep-processing sectors encompass
multiple downstream industries, including pharmaceuticals and chemicals, making them
increasingly significant drivers of global economic growth. Consequently, advancing our un-
derstanding of seed germination mechanisms and physiological attributes carries substantial
strategic importance.

Seed phenomics seeks to elucidate the complex interplay between seed morphological,
physiological, biochemical, and molecular characteristics and their underlying genetic deter-
minants as well as environmental influences. Although recent advances in molecular biology,
genomics, genetics, and bioinformatics have greatly accelerated progress in crop research,
research on seed phenotyping has lagged behind. The remarkable diversity of crop species and
the sheer scale of data required overwhelm traditional manual methods, which lack scalability,
efficiency, and objectivity. As a result, there is a pressing need for phenotyping technologies
that are automated, high-throughput, environmentally robust, platform-independent, and
free from human bias.

Figure 1a presents high-definition three-dimensional visualizations of the surface mor-
phology of rice seeds across developmental stages. Figure 1b,c show maize seed placement
and hyperspectral imaging, which has been used to study seed vigor widely. Moreover,
integrating 3D phenotypic information with hyperspectral data enables the construction of
a quantitative “bridge” linking seed phenotypes to genomic datasets, thereby accelerating
genetic improvement and breeding efforts while enhancing seed stress resilience. Spectral sig-
natures provide a precise, non-destructive optical modality for probing the internal structural
and biochemical composition of seeds. Using hyperspectral imaging, the spectral responses of
rice seeds under varying temperature conditions can be characterized, offering a means to
evaluate developmental status under fluctuating diurnal temperature regimes. Furthermore,
the combination of multispectral imaging and machine learning facilitates efficient seed trait
identification and developmental tracking based on infrared spectral features [3–5].

Figure 1. (a) High-resolution 3D surface visualization of rice seeds during development; (b) seed sample
placement; (c) hypercube generation [6].
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Therefore, three-dimensional seed phenotyping and spectral imaging technolo-
gies both play a pivotal role in internal structural analysis, germination monitoring,
phenomic characterization, quality assessment, and dynamic developmental surveil-
lance [7–10]. Moreover, the integration of hyperspectral and 3D imaging, through ei-
ther spectrum-featured data and spatial information or the fusion of multidimensional
“spectral–morphological–functional” data, provides unprecedented depth and breadth of
information for crop breeding research. Therefore, developing specialized 3D hyperspectral
imaging technologies for seeds represents a critical frontier with exceptional promise for
advancing seed phenomics.

1.1. Challenges and Technological Gaps in High-Throughput Seed Phenomics

With the rapid advancement of sensor technologies, machine vision, and automa-
tion, non-destructive and high-throughput imaging techniques, spectral analysis, and
image-processing methods have become increasingly mature. Coupled with powerful
bioinformatics and data analytics capabilities, phenomics has emerged as a key frontier for
enhancing breeding efficiency.

Nevertheless, seed phenotyping faces significant challenges. Many phenotypic traits
exhibit subtle variations that are easily confounded by measurement tools, environmental
fluctuations, or human subjectivity, making fine-scale features difficult to capture reliably. In
addition, the measurable window for certain phenotypic traits is narrow. Achieving precise,
standardized, and quantifiable phenotypic acquisition has therefore become a central
challenge in agricultural production, crop breeding, and seed quality assessment [11].

To address these needs, numerous high-throughput phenotyping platforms have
been developed worldwide. For example, the PhenoAIxpert HT (LemnaTec, Aachen,
Germany) integrates a laser-based 3D imaging module capable of capturing plant surface
point clouds non-destructively [12]; the TraitMill™ system (CropDesign, Ghent, Belgium)
provides dynamic, continuous, large-scale data on genotype–phenotype–environment
interactions [13]; the Crop3D platform developed by the Institute of Botany, Chinese
Academy of Sciences, integrates LiDAR, thermal imaging, and hyperspectral sensing
for precise 3D phenotyping [14]; researchers at Huazhong Agricultural University have
developed a CT–RGB dual-modality system enabling in vivo monitoring of rice tillering
with a resolution of 30 µm [15]; and Li et al. developed a point-cloud-based method using
laser scanning to calculate seven morphological and geometric traits of rice seeds, including
length, width, thickness, elongation, surface area, volume, and shape factors [16].

Despite these advances, current technologies still exhibit several critical limitations.
First, conventional 2D imaging captures only planar morphological parameters and lacks
true 3D shape, depth, and fine microstructural texture information, resulting in insufficient
phenotypic dimensionality. Second, multi-camera array systems for 3D reconstruction
require complex hardware synchronization and calibration; parameter inconsistencies
across cameras often introduce registration errors and increase the difficulty of algorithm
optimization. Third, single-modality imaging cannot fully characterize the relationships
between seed physiological properties and developmental potential, thereby constraining
the generalizability and predictive power of phenotypic modeling.

1.2. Light-Field and Metasurface Imaging: Emerging Technologies for 3D and Spectral
Seed Phenotyping

To overcome the limitations of existing phenotyping systems, recent research has
introduced light-field imaging and multimodal data fusion as a promising new paradigm
for seed phenomics. This paradigm offers three major innovations. First, microlens-array
light-field imaging enables multi-view, single-camera acquisition. By capturing both spatial
and angular information of light rays, the system preserves standard 2D appearance
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features while extracting 3D surface descriptors, such as curvature, indentation depth,
and microtopographic variations, from a single exposure (Figure 2) [17]. Second, unlike
multi-camera array systems, the MLA-based light-field camera employs a unified optical
path and a single CMOS sensor, eliminating cross-device inconsistencies such as pixel shifts
or geometric distortions. This substantially simplifies algorithmic pipelines by reducing
the burden of system calibration, multi-view registration, and point-cloud fusion, thereby
improving reconstruction robustness. Third, potentially integrating hyperspectral sensing
will enable simultaneous acquisition of 3D surface geometry and internal biochemical
information (e.g., moisture, protein, or pigment distribution). The joint analysis of spectral
signatures and 3D morphology provides richer descriptors for predicting germination
rate, seedling vigor, and other physiological traits, strengthening phenotype–genotype
association studies [18,19].

Figure 2. (a) Schematic of a microlens-array light-field imaging system. (b) Bitter melon 3D recon-
struction surface [20].

Collectively, the metasurface-based light-field framework improves hardware com-
pactness, has the potential to increase data dimensionality, and enhances interpretability,
making it a compelling direction for next-generation seed phenotyping.

While metalens-array light-field imaging offers unique advantages, traditional MLA
fabrication remains costly and technically challenging, especially when high layout pre-
cision or customized aberration control is required. Metasurface optics, consisting of
subwavelength nano-resonators arranged on an ultrathin substrate, provide a transfor-
mative alternative. Metasurfaces feature nanoscale control over phase, amplitude, and
polarization, and they are highly compatible with CMOS processes, making them a hall-
mark of next-generation optical components [21].

As illustrated in Figure 3, the achromatic metalens array developed by Fan et al.
enables broadband 3D imaging across the visible spectrum (430–780 nm) via precisely
engineered nanopillars. The 60 × 60 polarization-insensitive array demonstrates high
efficiency (avg. 47%) and nearly diffraction-limited focusing while maintaining consistent
focal planes. Experimental results show clear reconstruction of 3D scenes with accurate
depth control under white-light illumination. This compact platform enables high-fidelity
3D scene reconstruction and represents a significant advancement for integral imaging,
light-field cameras, and augmented reality applications.
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Figure 3. (a) SEM photo of achromatic metalens array and (b) metalens array used for 3D imaging [22].

Nippon Telegraph and Telephone Corporation (NTT) reported that a hyperspectral
metasurface utilizing dispersion engineering could perform spectral encoding directly from
compressed computation. NTT plans to mass-produce the technology for the robot sensing
and smart agriculture markets. As illustrated in Figure 4, the metasurface array generates
wavelength-dependent multiplexed images from a single exposure. A dedicated neural
reconstruction network then jointly recovers a hyperspectral cube, effectively unifying
previously separate imaging modules.

Figure 4. Schematic of the reconstruction process for hyperspectral metasurface imaging [23].

In summary, the metasurface-enabled light-field architecture delivers substantial gains
in system compactness, optical efficiency, and multimodal data richness. By integrating 3D
geometry and hyperspectral biochemical information into a single compact platform, the
technology demonstrates significant potential for high-throughput, multimodal seed phe-
notyping and broader applications in precision agriculture, robotic vision, and biomedical
imaging. In Section 2, we review recent advances in metasurface-lens-array light-field sys-
tems for hyperspectral imaging and 3D reconstruction, highlighting the underlying optical
principles, design methodologies, and computational algorithms that enable single-shot,
high-dimensional acquisition. We further outline an integrated system architecture, an
application roadmap for seed phenomics, and the key technical challenges that shape the
path toward a fully metasurface-enabled 3D–hyperspectral light-field imaging paradigm.

1.3. Scope and Contributions

To ensure a rigorous and comprehensive overview, we adopted a systematic search
strategy targeting the intersection of three core domains: metasurfaces, computational
imaging, and seed phenomics. We prioritized the literature bridging at least two of these
fields, focusing primarily on the period from 2015 to 2025 to capture the rapid matu-
ration of metasurface optics and deep learning, while also incorporating foundational
milestone studies prior to this window to establish the necessary theoretical baselines for
spatial–angular sampling principles.
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Building on this selection, this review provides a unique contribution by explicitly
mapping the convergence of these isolated fields, bridging critical gaps identified in cur-
rent surveys. While current mainstream phenotyping platforms, such as conveyor-belt
systems or gantry-based field scanners, are often limited by their bulky size, high cali-
bration burden, and significant operational costs [24,25], we explore the transformative
potential of compact metasurface; conversely, while existing photonics and computational
surveys rigorously detail unit-cell physics [26] or light-field reviews [27,28], they often
overlook specific biological integration challenges and spectral–spatial coupling. Hyper-
spectral imaging surveys [29,30] predominantly discuss traditional scanning architectures
or remote sensing applications, lacking coverage of emerging snapshot metasurfaces.
By synthesizing these perspectives, we present the first integrated roadmap for a 5D
(spatial–angular–spectral) imaging platform, offering a novel physics-informed coupling
model to guide next-generation smart seed phenotyping.

2. Technical Foundations: From Light-Field Imaging to
Metasurface Arrays
2.1. Principles of Light-Field Imaging and Metasurface Optics

The principle of light-field imaging lies in capturing both the spatial distribution and
angular direction of light rays within a single exposure, thereby enabling the reconstruction
of a three-dimensional scene. This approach is grounded in the four-dimensional light-field
parameterization introduced by Levoy et al. [31], and its physical realization typically
involves placing a microlens array in front of the image sensor in a conventional imaging
system. As illustrated in Figure 5, each microlens partitions the exit pupil of the main lens
into multiple discrete viewing directions, forming an array of micro-images on the sensor.
By decoding the disparity among these micro-images, depth information can be inferred
and the 3D structure can be reconstructed.

 
Figure 5. Optical path diagram of a focused light-field system (Galilean type) and schematic of
macro-pixels [17].

As the mathematical foundation of light-field imaging, the light-field function
P(θ, φ, λ, t, x, y, z) encapsulates the full seven-dimensional radiometric information car-
ried by rays propagating through 3D space. In a focused light-field camera, the coordinated
design of the microlens array and CMOS sensor realizes a structured four-dimensional

https://doi.org/10.3390/photonics13010061

https://doi.org/10.3390/photonics13010061


Photonics 2026, 13, 61 7 of 38

sampling of this function, yielding a discretized light-field matrix L(x, y, u, v). The un-
derlying mechanism relies on the wavefront-partitioning capability of the microlenses:
each microlens maps rays from different incidence angles onto corresponding sub-aperture
regions of the sensor, forming spatial–angular correlated sub-images.

Despite its versatility, traditional light-field imaging faces inherent technical bottle-
necks imposed by its physical architecture. The most fundamental limitation arises from the
trade-off in spatial–angular bandwidth: acquiring angular information inevitably sacrifices
spatial resolution. Under typical imaging conditions (λ = 488 nm, NA = 1.2), the effective
spatial resolution generally does not exceed ~3 µm, which is insufficient for high-fidelity mi-
croscopic phenotyping [32]. Moreover, insufficient angular sampling leads to pronounced
axial aliasing, significantly degrading axial localization accuracy in conventional light-field
systems [33].

To overcome the aforementioned limitations, metasurface-based flat optics have
emerged as a revolutionary alternative to traditional refractive architectures. A metasurface
consists of a two-dimensional array of subwavelength artificial “meta-atoms” arranged
with precise spatial order. By engineering the geometric parameters of these nanostructures,
arbitrary manipulation of the wavefront, including amplitude, polarization, and phase,
can be achieved within an ultrathin, subwavelength thickness [34]. The phase profile of an
ideal spherical lens can be expressed as

ϕ(x, y) =
2π

λ

(√
f 2 + x2 + y2 − f

)
(1)

where f is the focal length and λ is the operating wavelength. By arranging nanostructures
with varying parameters at designated positions to provide full 2π phase coverage, an
incident plane wave can be transformed into a spherical wave for focusing.

This design requires a pre-established library linking structural parameters to the opti-
cal phase response. Phase modulation in such metasurfaces is generally realized through
one or a combination of three fundamental mechanisms: resonant phase, propagation
phase, and geometric phase.

Resonant-phase modulation typically relies on electromagnetic resonance effects such
as localized surface plasmon resonance (LSPR) in metallic structures, where a strong phase
shift occurs when the incident wavelength matches the resonant frequency of the subwave-
length elements. However, due to ohmic losses in metals and the narrowband nature of
plasmonic resonances, such metasurfaces usually exhibit low transmission efficiency and
limited bandwidth. Recently, all-dielectric metasurfaces have been widely adopted for
resonant phase control, offering higher efficiency and stronger field confinement thanks to
their low loss and high permittivity.

Propagation-phase modulation primarily utilizes the waveguide effect in dielectric
nanostructures. For a nanopillar with a fixed height H, varying its transverse dimen-
sion (e.g., diameter) tunes the effective refractive index ne f f of the guided mode, thereby
enabling controlled phase accumulation according to

φ = ne f f
2π

λ
H (2)

Propagation-phase modulation exhibits polarization independence, while its phase
accumulation correlates with the wavelength and effective refractive index. Intrinsically, it
introduces material and structural dispersion, resulting in limited operating bandwidth.
However, employing low-loss dielectric materials in the visible band enables high transmit-
tance and high focusing efficiency.
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The geometric phase (Pancharatnam–Berry phase) imparts a polarization-dependent
phase profile (ϕ = 2σθ, where σ = ±1 denotes the circular polarization handedness) by
rotating anisotropic meta-atoms [35]. It operates via spin–orbit interaction, offering inherent
dispersion-free operation. This mechanism is intrinsically polarization-selective: only the
spin component matching the meta-atom’s handedness is efficiently diffracted, while the
orthogonal spin is filtered. However, the absence of dispersion in the geometric phase itself
limits its direct use as a dispersive control element in applications such as hyperspectral
imaging, where wavelength-dependent phase manipulation is often required. Moreover,
when implemented using a half-wave retarder, its theoretical diffraction efficiency is limited
to 50% owing to the conjugate conversion between the two circular polarization states.

Currently, to achieve broadband dispersion and efficient spectral imaging and recon-
struction, next-generation smart seed phenotyping platforms are increasingly adopting
all-dielectric metasurfaces that utilize composite phase-modulation mechanisms [36]. These
platforms employ inverse design methods to co-optimize the geometric parameters (such as
shape and size) and spatial arrangement of the meta-atoms. This hybrid phase-modulation
strategy introduces additional degrees of design freedom, enabling effective compensation
or customization of the device’s dispersion characteristics. Consequently, it achieves stable
phase responses across a broad spectral range and ultimately enhances the reconstruction
quality and accuracy of hyperspectral data. Figure 6a illustrates the designed phase map
of a spherical metalens together with its simulated focusing performance [37]. Figure 6b
shows a schematic of a metasurface unit cell, in which phase modulation is achieved by
tuning structural parameters such as height and width. Figure 6c plots the transmission
amplitude and phase response as functions of unit-cell width, while Figure 6d displays the
design layout of a 10 × 10 metalens array.

 
Figure 6. Metalens array design flow. (a) The ideal target phase profiles. (b) The schematic diagram
of a subwavelength structure within a unit cell. (c) Data plots comparing phase shift, transmittance,
and span. (d) A 10 × 10 metalens array and single metalens design layout [37].

Metalenses fabricated via nano-fabrication technology offer several advantages that are
unattainable with conventional refractive optics. Their fabrication is fully compatible with
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mature semiconductor CMOS processes, and the resulting devices are ultrathin, lightweight,
highly integrable, and amenable to low-cost, mass production. Replacing traditional mi-
crolens arrays with metasurface lens arrays in light-field cameras has therefore been widely
recognized as an effective solution to overcoming fabrication complexity, high cost, and
inherent performance constraints of conventional microlens systems. This advancement
lays the technological foundation for next-generation compact, high-performance light-field
imaging platforms.

Metasurface technology is widely regarded as one of the most promising approaches
for advancing light-field imaging. Lin’s group at Nanjing University applied achromatic
metalens techniques to light-field camera design [38], successfully realizing optical dig-
ital zoom functionality. As shown in Figure 7, the achromatic metalens-array (AMLA)
light-field camera modulates the incident light field through the metasurface array and
forms a light-field image on the sensor. Reconstruction algorithms then refocus the captured
light field computationally, generating digitally zoomed images at different focal depths.
This demonstration highlights that metasurface arrays provide an effective solution to the
long-standing challenges of microlens arrays, namely fabrication complexity and high cost,
while simultaneously enabling system-level integration of light-field cameras. Fan et al.
demonstrated a trilobite-inspired metalens array that achieves an extreme DOF ranging
from centimeters to kilometers, a capability crucial for imaging multi-layer seed piles with-
out refocusing [39]. Furthermore, while MLAs are polarization-blind, Capasso exploited
the birefringence of meta-atoms to realize a compact, single-shot polarization imaging
system [40]. Similarly, regarding 3D displacement and strain measurement, Zhao et al. [41]
recently demonstrated a compact binocular metalens camera. By integrating two GaN-
based metalenses on a single substrate, this system achieved high-precision 3D Digital
Image Correlation (DIC) with a baseline of only 4 mm, offering a lightweight solution
for monitoring surface deformation. This allows for the simultaneous capture of 3D ge-
ometry and surface texture anisotropy, providing a new dimension of phenotypic data
that traditional refractive optics cannot access. Song et al. demonstrated a varifocal meta-
device for augmented reality that dynamically tunes the focal plane without mechanical
movement [42], while Zhou et al. introduced a tunable point-cloud projection meta-device
capable of high-resolution 3D structured light imaging. These innovations signal a shift
toward active metasurface systems [43].

Figure 7. (a) Schematic of achromatic metalens-array (AMLA) light-field depth imaging and (b) SEM
images of metasurface array, single metalens, and zoomed metalens [38].
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2.2. Dispersion Engineering of Metasurfaces and Hyperspectral Imaging Mechanisms

Unlike conventional refractive optics, which rely on accumulated phase delay
through propagation, metalenses achieve wavefront shaping via localized resonances
and geometric-phase mechanisms. Each subwavelength meta-atom must satisfy a local
phase-matching condition, expressed in Equation (2):

φ(x, y) = −2π

λd

(√(
x − x f

)2
+
(

y − y f

)2
+ z2

f − f

)
(3)

where f =
√

x2
f + y2

f + z2
f denotes the focal length, and φ and λd represent the target

phase and design wavelength, respectively.
Because the phase distribution of a metalens varies with incident wavelength, dis-

persion inevitably induces focal shifts. In coaxial optical configurations, the rotational
symmetry of the phase map causes focal spots of different wavelengths to shift longitudi-
nally along the optical axis. For hyperspectral imaging, the spectral resolution δλ is a key
performance metric. The focal length f, focusing angle α, and numerical aperture (NA) are
the primary factors governing spectral resolution. From the Rayleigh criterion, 0.61λ/NA,
the minimum resolvable wavelength interval in the focal plane can be determined. The
spectral resolution is given by Equation (3):

δλ =
∆λ

f
{

sin−1
[(

1 + ∆λ
λd

)
sin(α)

]
− α

} × 0.61λ

NA
(4)

This wavelength-dependent focusing behavior enables metalens arrays to inte-
grate functionalities such as multi-focus operation and achromatic correction within
sub-millimeter thicknesses, significantly enhancing system compactness [44]. Never-
theless, dispersion and angular sensitivity of subwavelength resonators impose con-
straints on efficiency: typical transmission efficiencies (<60%) remain considerably
lower than those of refractive lens arrays (~90%), constituting a central bottleneck for
metasurface-based imaging.

Based on their imaging mechanism, hyperspectral metasurface cameras can be
classified into transverse-dispersion and longitudinal-dispersion designs. Longitudinal-
dispersion systems require only a single CMOS sensor and offer superior compactness.
However, because images from all wavelength channels are spatially overlapped, they
demand highly sophisticated reconstruction algorithms. This challenge makes their im-
plementation more difficult than transverse-dispersion spectrometers, and consequently,
fewer studies have been reported in this category.

Axial chromatic dispersion arises because light at different wavelengths experiences
different refractive indices when passing through an optical element, leading to focal shifts
along the optical axis. As illustrated in Figure 8a, this behavior is inherent to conventional re-
fractive lenses. Metalenses exhibit similar wavelength-dependent focal shifts because their
phase distribution, governed by Equation (5), varies with incident frequency (Figure 8b).
This chromatic dispersion degrades image sharpness, also motivating achromatic metalens
designs such as those shown in Figure 8c [45].

https://doi.org/10.3390/photonics13010061

https://doi.org/10.3390/photonics13010061


Photonics 2026, 13, 61 11 of 38

Figure 8. Axial chromatic dispersion in (a) conventional refractive lenses, (b) dispersive metalenses,
(c) achromatic metalenses. The upper panels illustrate focal-length variation with wavelength [45].

Dispersion in metasurfaces can be actively engineered to serve as a spectral encoding
resource. Through inverse design, the group delay dispersion within the phase response is
precisely tailored to establish a strong, controllable linear dependence between the focal
length and the optical frequency. This engineered chromatic aberration, dominated by
group delay dispersion, causes different frequencies to form spatially separated point-
spread functions (PSFs) at the image plane—each uniquely associated with a specific
wavelength. As a result, the spectral information of the incident light is directly encoded
into the spatial domain. To obtain the group-delay response, the phase distribution in
Equation (5) is expanded in a Taylor series around the design angular frequency ωd,
typically chosen as the center frequency of the operational bandwidth:

φ(r, ω) = φ(r, ωd) +
∂φ(r, ω)

∂ω

∣∣∣∣
ω = ωd

(ω − ωd) +
1
2

∂2 φ(r, ω)

∂ω2

∣∣∣∣
ω = ωd

(ω − ωd)
2 + . . . (5)

Here, φ(r, ωd) describes the ideal phase profile at the center frequency; the first
derivative term corresponds to the group delay, while the second derivative term captures
group-delay dispersion. Under broadband illumination, the incident field can be treated as
a superposition of independent frequency components. In achromatic metalenses, the target
phase φ(r, ωd) steers all frequency components toward the same focal point, whereas the
engineered group delay compensates the interband phase mismatches through controlled
temporal offsets. This dual-control mechanism enables metalenses to maintain stable,
focusing performance across a broad spectral range. Conversely, the same dispersion mech-
anism can be exploited for hyperspectral imaging using metasurfaces [46]. Metalenses with
engineered dispersion are emerging as a powerful paradigm for computational imaging. By
design, they spatially separate different wavelengths, allowing hyperspectral images to be
retrieved mathematically using prior knowledge. Beyond imaging, dispersion engineering
is also revolutionizing precision metrology. As illustrated in Figure 9, He et al. recently
proposed a dispersive metalens thermometry system that encodes spectral temperature
information into compressive measurements, achieving high-accuracy high-temperature
sensing via deep learning decoding [47].
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Figure 9. Experimental setup of dispersive metalens thermometry. (a) Three-dimensional diagram
of the DMT experimental setup. (b) Schematic illustration of the dispersion mode of the metalens.
(c) Raw dispersion image of blackbody furnace at 1873 K [47].

Tan et al. proposed a metasurface-based imaging framework that integrates a multi-
depth, multiwavelength-focusing metalens with an RGB reconstruction neural network to
recover depth and color information from intentionally defocused images [48]. Simulations
of a 1 mm diameter metalens demonstrate that the system can capture 3D depth and
texture information over a working range of 0.12–0.6 m. The point-spread functions (PSFs)
corresponding to different focal depths and wavelengths are first numerically modeled.
The metasurface’s modulation of the incident optical field is expressed as

Tλ(x, y) = A(x, y)
√

PCEλ(x, y)exp(jΦλ(x, y)) (6)

where A(x, y) is the circular aperture function,
√

PCEλ(x, y) represents amplitude modula-
tion induced by the metasurface, and Φλ(x, y) denotes its phase modulation. Under the
Fresnel approximation, the PSF can be written as

Pλ,z(x’, y’) ∝
∣∣∣∣F{A(x, y)

√
PCEλ(x, y)exp

{
j
[

π

λ

(
1
z
+

1
z’

)(
x2 + y2

)]]}∣∣∣∣2 (7)

where z′ is the distance from the metasurface to the detector and
(
x’, y’) denote detector-

plane coordinates. Based on these single-wavelength PSFs, Tan’s group proposes con-
structing a deconvolution-based neural network that leverages PSFs across the wavelength
dimension to synthesize continuous spectral cross-sections. By combining physical pri-
ors with data-driven training on large image datasets, the network learns wavelength-
dependent feature representations and subsequently reconstructs high-fidelity hyperspec-
tral images for each channel, as outlined in Figure 10 [49].
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Figure 10. Reconstruction pipeline for hyperspectral imaging using a dispersive metalens [49].

Hua et al. at Nanjing University demonstrated an ultra-compact spectral light-field
imaging architecture, SLIM, based on a laterally dispersive metasurface array and a
monochrome sensor [50]. A single-shot SLIM acquisition achieves a spectral resolution of
4 nm with near-diffraction-limited spatial resolution. Figure 11a,b show the schematic of
the lateral-dispersion imaging system and corresponding SEM images of the metasurface,
while Figure 11c presents a raw laterally dispersed image. A comparison between the SLIM
metasurface-based system and a traditional light-field camera is provided in Figure 12.

Figure 11. (a) A schematic of the lateral-dispersion imaging system; (b) corresponding SEM images
of the metasurface. (c) A raw laterally dispersed image [50].
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Figure 12. SLIM spectral light-field imaging system and benchmarking. Schematic workflow of
(a) SLIM system, (b) light-field system, (c) Coded Aperture Snapshot Spectral Imaging (CASSI).

The SLIM architecture exploits lateral dispersion to map different wavelengths onto
laterally shifted positions, producing a “motion-blur-like” encoded measurement in which
spectral information is implicitly embedded. Using the dispersion model of the metasurface,
the system generates a laterally blurred forward image, from which a spectral reconstruction
algorithm retrieves a 21-channel hyperspectral data cube. Representative reconstruction
results are shown in Figure 13.

The field has recently witnessed a paradigm shift from optimizing individual com-
ponents to end-to-end system design, an emerging frontier recently synthesized and the-
oretically framed as “computational metaoptics” by Carmes [51]. Foundational to this
new paradigm are breakthroughs in hardware efficiency: for instance, Chen demonstrated
dispersion-engineered metasurfaces with over 90% relative diffraction efficiency across the
visible spectrum, effectively mitigating the low-signal-to-noise-ratio issues that previously
hindered computational reconstruction [52]. Building on such high-performance hardware,
Heidrich’s group advanced the system architecture by introducing collaborative metalens
arrays where millions of nanopillars are inversely designed to produce complementary
point-spread functions [53]. To further ensure robustness in wide-field imaging, critical
for curved seed surfaces, Cui. proposed topology-optimized metasurfaces that maintain
spectral consistency even under oblique incidence [54]. Additionally, Bao et al. validated
the capability of metasurfaces for single-shot, multidimensional (intensity, phase, and
polarization) information capture [55].

Overall, metasurfaces with engineered dispersion profiles provide a promising route
toward compact multispectral and hyperspectral imaging. However, lateral-dispersion
architectures inherently require spatially separated detector sub-arrays, which increase
system footprint, design complexity, and cost. In contrast, the axial-dispersion configu-
ration enables a substantial reduction in system volume and hardware complexity. This
advantage, however, comes at the expense of significantly more challenging spectral recon-
struction, necessitating innovation in dispersion-engineered metalens design, system-level
architecture, and learning-based reconstruction algorithms.
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Figure 13. Imaging demonstration of SLIM spectral reconstruction. (a) Ground-truth RGB image;
(b) simulated dispersive image using the SLIM forward model; (c) reconstructed grayscale image;
(d) synthesized RGB image from reconstructed spectra; (e,f) spectral profiles at two spatial loca-
tions comparing reconstruction (colored) with ground truth (black); (g,h) raw and reconstructed
monochromatic images for selected wavelengths.

3. Design and Optimization of Light-Field Modulation by Metasurface
Lens Arrays
3.1. Architecture for Metasurface-Based Light-Field Manipulation

In Section 2, we discussed the principles of light-field imaging and the wavelength-
dependent wavefront control by metalenses, providing examples of 3D depth sensing
and snapshot multispectral imaging achieved through both lateral and axial dispersion
engineering. In this section, we discuss the principle by which the metalens manipulates
multidimensional light-field modulation via metalens arrays, and the design and optimiza-
tion philosophy required to implement large, efficient metalens and metasurface devices
in practice.

In order to implement metasurface-based light-field devices with hyperspectral imag-
ing capability, both optical hardware and software need to be investigated innovatively [56].
The schematic in Figure 14 illustrates the workflow of implementing a multidimensional
light-field camera based on a metasurface lens array as the key dispersive element. This
workflow encompasses several critical technical challenges:

1. Multidimensional light-field design: This requires leveraging dispersion theory, aber-
ration analysis, and related optical design principles to guide the design and opti-
mization of metalenses [57]. A comprehensive library of nanostructured pillar units is
established, along with a complete dispersion phase model. Inverse-design methods
are then employed to jointly optimize the metasurface lens array and hyperspectral
performance [58].

2. Fabrication of large-aperture metasurface arrays: The design specifications necessi-
tate advanced fabrication processes capable of producing large-aperture metalens
arrays [59]. While DUV steppers offer high resolution for subwavelength structures,
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their exposure field is typically limited. Fabricating a large-aperture metalens ar-
ray exceeding this field requires reticle stitching. Technical challenges here include
controlling stitching errors at the nanometer scale; slight misalignments at exposure
boundaries introduce phase discontinuities, leading to scattering and ghost images
that degrade the reconstruction quality of the light field. Furthermore, the high cost
of DUV photomasks and the low throughput associated with multi-shot exposures
pose a barrier to cost-sensitive agricultural applications. Optimization of fabrication
workflows and post-fabrication characterization of large-aperture samples are critical
to ensure performance consistency. To address the cost constraints, NIL is viewed as
a promising alternative for mass production. However, for high-aspect-ratio meta-
surface pillars, demolding defects (where nanopillars fracture or adhere to the mold)
significantly reduce yield. A critical barrier in large-area NIL is maintaining the uni-
formity of the residual layer thickness across the entire wafer. Variations in RLT alter
the effective height of the meta-atoms, causing phase errors that result in chromatic
aberration, which is particularly detrimental for hyperspectral reconstruction accuracy.
Despite these hurdles, recent progress has been made. Rho’s group recently demon-
strated a “roll-to-plate” printing protocol capable of fabricating centimeter-scale RGB
achromatic metalenses, significantly lowering the unit cost for mass deployment [60].

3. Multidimensional light-field reconstruction: Accurate reconstruction requires knowl-
edge of the point-spread function (PSF) of the metasurface array. Using broadband
spectral characteristics, deconvolution and end-to-end neural network models are
developed to reconstruct hyperspectral images [61]. This reconstruction framework is
possibly applied to seed phenotyping experiments, ultimately enabling the creation of
a 3D hyperspectral imaging database for seeds.
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Figure 14. Technical implementation workflow for hyperspectral light-field imaging using a metasur-
face lens array.

3.2. High-Efficiency Inverse Design of Metasurfaces

Current large-area metasurfaces face several key limitations that constrain optical
efficiency. First, chromatic and monochromatic aberrations impose inherent trade-offs
between focusing efficiency and operational bandwidth, representing the principal factor
restricting metasurface performance. Second, the design of metasurfaces is intrinsically
a global optimization problem with a high-dimensional parameter space. The lack of
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efficient optimization algorithms often prevents achieving optimal device performance.
Third, fabrication of metasurface unit cells demands feature accuracy on the order of λ/5
to λ/10. Meeting such stringent precision requirements necessitates high-end lithography
equipment and novel process development, which both increases the technological barrier
for widespread adoption and elevates manufacturing costs.

Most conventional metasurface designs follow a forward-design approach, in which a
unit-cell library is first constructed through parameter sweeps, and then individual unit
geometries are arranged according to a pre-determined phase profile. Forward design
performs adequately for simple functionalities, such as small-aperture, single-wavelength
focusing lenses or meta-gratings. However, as design complexity and constraints increase,
forward design struggles to find globally optimal solutions. Realizing the next generation
of metasurface devices therefore requires a paradigm shift in design philosophy.

Compared with forward design, inverse design is function-driven approach: target
optical performance guides the optimization of individual unit geometries using advanced
search algorithms. Originally developed for large-scale engineering optimization problems,
such as bridge or aircraft wing shape design, inverse design has recently been applied
to micro- and nanophotonic device design. Current approaches include gradient-based
topology optimization and continuous contour shape optimization.

Capasso’s group proposes a hybrid inverse-design method that combines genetic-
algorithm-driven intelligent search with adjoint-field optimization [52]. Specifically, fast
solver is widely used to shorten the simulation time, and backward-propagated fields
are transmitted through the metasurface device. The optimal structural parameters are
selected from a pre-built high-diffraction-efficiency unit library (efficiency ~90%). Adjoint
optimization accelerates convergence of large-aperture metasurface parameters, achieving
globally optimal designs at minimal computational cost. Figure 15 illustrates the framework
of this inverse-design process [62].

Figure 15. Efficient inverse-design framework for metasurfaces based on adjoint-field optimiza-
tion. (a) Forward simulation of the metalens. (b) Rapid calculation of parameter sensitivities via
adjoint fields. (c) Optimization workflow combining adjoint-field information with gradient-descent
algorithms [52].

As the dimensionality of metasurface designs increases, simultaneously handling
nanometer-scale unit cells (~10 nm) and macroscale devices (100 µm~10 cm) becomes
challenging. For instance, a 50 µm-diameter device with a 5 nm mesh resolution requires
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~100 h of computation and ~100 GB of RAM. By integrating rigorous coupled-wave analysis
(RCWA) with adjoint-based array optimization, it becomes feasible to design large-scale,
high-performance metasurfaces in few hours with lower memory requirements. This
inverse-design approach is computationally efficient and particularly advantageous for
metasurface devices spanning nanoscale to macro-dimensions (>1000 wavelengths). Using
this methodology, metasurfaces have been implemented with apertures ranging from
micron-meters to centimeters, representing a four-orders-of-magnitude increase in area
relative to existing technologies. These results demonstrate the feasibility of large-aperture,
dispersive metasurface lens arrays for practical implementation [63].

4. Computational Reconstruction and Information Decoupling
Algorithms

The reconstruction of high-dimensional data from compressive measurements is a
foundational challenge in computational imaging. In this section, we review the established
algorithms currently employed in the field, serving as the algorithmic building blocks for
the integrated 5D imaging platform we propose in Section 5. Specifically, Section 4.1
establishes the theoretical projection models and resolution limits of metalens arrays.
Subsequently, Section 4.2 surveys existing geometric and deep-learning methods for depth
estimation, while Section 4.3 reviews neural network architectures for spectral decoupling.

4.1. Three-Dimensional Light-Field Analysis and Reconstruction from Metalens Arrays

A metalens-array light-field camera captures light signals from multiple directions
in space by placing a metalens array in front of a CMOS sensor. During calibration and
correction, combining this with the light-field camera projection model enables accurate
retrieval of the light-field information.

After passing through the main lens, light is focused by the metalens array onto
the CMOS sensor. Images from different viewpoints record rich spatial information, pro-
viding the data foundation for depth estimation and three-dimensional reconstruction.
The light-field function L(u, v, s, t) describes the intensity of rays passing through spatial
coordinates (u, v) and arriving at (s, t):

Iui ,vj(s, t) = L
(
ui, vj, s, t

)
(8)

where
(
ui, vj

)
are fixed coordinates on the UV plane, corresponding to the viewpoint of the

i × j-th sub-aperture image, and (s, t) are coordinates on the ST plane, corresponding to
pixels within each sub-aperture image.

4.1.1. Spatial and Angular Resolution

For a focused light-field camera, the decoded spatial resolution of the raw light-field
image is given by the sensor resolution multiplied by b/a, while the angular resolution is
a/b. Here, b must satisfy

b
a
=


1 − b

fm
, (0.5 fm < b < fm)

b
fm

− 1, ( fm < b < 1.5 fm)

(9)

where a is the distance from the main-lens image plane to the MLA, b is the distance from
the MLA to the CMOS plane, and fm is focus length of MLA. The spatial resolution of
the light-field image increases as a decreases. Importantly, for focused light-field cameras,
the trade-off between spatial and angular resolution is independent of the number of
microlenses, allowing relatively large microlens units to mitigate edge effects [64,65].
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4.1.2. Disparity Map Accuracy

The imaging quality and disparity-map precision of a light-field camera are jointly
determined by

∆Z =
Z2 · ∆p

d·pMLA · fMLA
(10)

where ∆Z is the disparity-map precision, Z is the scene depth, ∆p is the pixel size, d is the
distance between the main lens and the microlens array, pMLA is the microlens pitch, and
fMLA is the microlens focal length.

This provides a quick estimation for analyzing the spatial–angular resolution and
depth precision of metalens-array light-field cameras, supporting high-fidelity 3D recon-
struction for hyperspectral imaging and seed phenotyping applications [66].

4.1.3. Three-Dimensional Light-Field Reconstruction Algorithm

Light-field imaging captures multidimensional ray information of a scene, provid-
ing rich geometric and viewpoint cues for three-dimensional reconstruction. Traditional
multi-view reconstruction methods rely on feature matching and dense correspondences.
However, they are prone to ambiguity in regions with occlusion or weak texture, limiting
reconstruction accuracy.

As illustrated by the workflow in Figure 16, Epipolar Plane Image (EPI)-based light-
field depth estimation has become one of the mainstream approaches for achieving high-
precision 3D reconstruction. The core idea is to extract 2D EPI slices from the light-field
data volume, where pixels form linear structures whose slopes directly encode scene depth.
By analyzing photoconsistency, texture orientation, or structure tensors within these EPIs,
reliable disparity maps can be obtained, which are then converted to depth maps using
pre-calibrated camera parameters and fused with the central-view RGB image to generate
dense, full-color 3D point clouds.
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Figure 16. Workflow of the three-dimensional light-field reconstruction algorithm.

To enhance robustness on challenging surfaces such as seeds, with complex textures,
low-texture regions, and arbitrary orientations, recent methods have commonly incor-
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porated adaptive cost aggregation, occlusion-aware weighting, or multiscale analysis
strategies. These improvements enable accurate depth estimation even in difficult areas
with high curvature or specular reflections. EPI-based pipelines offer high computational ef-
ficiency, are easily integrated with deep-learning modules, and have been widely applied to
agricultural light-field imaging tasks, including seed phenotyping. They provide a practical
and effective 3D reconstruction solution for metasurface-enabled light-field systems.

4.2. Light-Field Depth Estimation Methods

Light-field depth estimation methods fall into two main categories: geometric ap-
proaches and deep learning-based techniques. Both exploit the fundamental property that
scene points project onto lines in EPIs, where line slopes directly encode depth information.

4.2.1. Geometric Methods

Geometric methods build on the observation that depth estimation reduces to com-
puting line orientations in EPI representations (Figure 17), utilizing photoconsistency
constraints and the inherent structure of light-field data. Wanner and Goldluecke [67]
pioneered a variational framework using structure tensor analysis on EPIs for local dis-
parity estimation. The method achieves sub-pixel accuracy through continuous disparity
space representation, circumventing the discretization problems common in traditional
multi-view stereo. Local estimates are consolidated into globally consistent depth maps via
convex optimization with ordering constraints that enforce physically plausible occlusion
relationships. Their denoising scheme maintains competitive accuracy while achieving
real-time performance, demonstrating that continuous disparity representation enables
both precision and efficiency.

Figure 17. Principle of EPI-based depth estimation.

Building on this foundation, Zhang et al. introduced the spinning parallelogram
operator (SPO) to better handle occlusion and noise [68]. The SPO exploits the principle that
pixel intensity distributions on opposite sides of the correct depth line should maximally
differ. The parallelogram orientation indicates depth, determined by maximizing the
χ2 distance between the two distributions. This formulation proves particularly robust
because it maintains correct depth information even when matching ambiguities would
confound conventional methods. Confidence metrics integrate redundant information
across horizontal, vertical, and diagonal EPIs, with weighting functions accounting for
distance from the center line to handle cross-talk artifacts and low angular resolution
characteristic of plenoptic cameras. The method demonstrates superior performance near
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occlusion boundaries while remaining insensitive to angular resolution constraints, making
it especially suitable for consumer-grade devices.

For plenoptic cameras specifically, Sabater (2015) developed a pipeline emphasizing
proper demultiplexing without preliminary demosaicing to prevent cross-talk artifacts [69].
Their block-matching algorithm exploits the natural rectification and uniform baseline of
plenoptic camera views, simplifying the correspondence problem. A key contribution is
the constraint that horizontal and vertical disparities are equal at each point, a consequence
of the circular microlens array symmetry. This constraint improves matching accuracy for
hexagonal microlens arrangements in Lytro-type cameras, where standard Bayer pattern
assumptions break down.

Wang advanced occlusion handling by observing that approximately half the angular
patch remains photoconsistent at correct depth, even for occluded pixels [70]. Their frame-
work partitions angular patches into all regions based on geometric relationships between
occlusion edge orientation in the spatial domain and the line separating consistent and
inconsistent regions in the angular domain. Computing separate variances and analyzing
their ratio enables occlusion likelihood estimation, focusing depth computation on reliable
unoccluded portions. This approach yields substantial improvements at depth disconti-
nuities, achieving sharper object boundaries and more accurate depth transitions where
traditional photoconsistency assumptions fail.

4.2.2. Deep Learning Methods

Deep learning approaches learn the depth estimation in the form of “end-to-end” from
light-field data, incorporating attention mechanisms and multi-directional processing to
handle inherent structural redundancies. Shin et al. [71] designed EPINet as a fully convolu-
tional network built around epipolar geometry, establishing key architectural principles for
subsequent methods. Four parallel streams process horizontal (0◦), vertical (90◦), and diag-
onal (45◦, 135◦) EPIs independently before fusion. This architecture learns direction-specific
geometric characteristics. Each stream uses small 2 × 2 kernels with stride 1, appropriate
for light fields’ small baselines (typical disparity range ± 4 pixels). The network achieves
sub-pixel accuracy without discretizing disparity space, a fundamental limitation in tra-
ditional methods. Performance reached state-of-the-art levels with 85-fold speedup over
competing optimization approaches, validating the potential of learning-based methods to
achieve both superior accuracy and efficiency simultaneously.

Addressing the redundancy and variable importance in multi-view information,
Du et al. developed EANet with an attention mechanism to weight different viewpoints
adaptively [72]. A spatial pyramid pooling module extracts multiscale features, capturing
both local detail and broader context. Three attention modes operate in tandem: per-image
evaluation, mirror calculation for orthogonal directions (0◦, 90◦), and full four-direction
analysis (0◦, 45◦, 90◦, 135◦). On the Cotton scene, performance improved 17% in MSE
over EPINet (1.64→1.36) and 14 dB in PSNR (38.45→52.60 dB), with SSIM maintained
around 0.99. These results demonstrate the value of adaptive view selection in handling
redundancy and variability across different scene regions.

Chen further refined attention-based fusion with a hierarchical strategy motivated by
spatially varying occlusion patterns that make uniform view aggregation suboptimal [73].
As shown in Figure 18, at the intra-branch level, channel attention weights contributions
from opposite sides of the central view within each directional branch (0◦, 45◦, 90◦, 135◦).
This exploits the observation that with a single occluder, occlusion affects only one side along
any direction. Experimental results show that non-occluded sides receive substantially higher
weights (0.869, 0.876) versus occluded sides (0.176, 0.287). This hierarchical fusion strategy

https://doi.org/10.3390/photonics13010061

https://doi.org/10.3390/photonics13010061


Photonics 2026, 13, 61 22 of 38

achieved top ranking on the HCI benchmark, particularly excelling with depth discontinuities
and texture-poor regions, where single-level fusion approaches struggle.

Figure 18. The architecture of the four-branch LF depth estimation network [73].

While these supervised methods demonstrate impressive performance, their reliance
on ground-truth data limits applicability to real-world scenarios where accurate depth
labels are difficult to obtain. Lin addressed this limitation by bridging traditional geo-
metric constraints and deep learning through an unsupervised framework [74]. Their
coarse-to-fine cascade comprises DispNet and RefineNet. The key innovation reformulates
non-differentiable classical constraints, constrained angular entropy (CAE) and constrained
adaptive defocus (CAD), using piecewise linear basis functions for gradient-based opti-
mization. The adaptive angular entropy loss measures angular patch uniformity, remaining
robust to occlusion through weighted entropy calculation and to noise through its statisti-
cal formulation. The adaptive defocus loss exploits the principle that incorrect disparity
produces blurring in accumulated images, with blur degree correlating to estimation er-
ror. Combined with photometric consistency loss (SSIM and L1 distance), the framework
matches supervised method performance on benchmark datasets while demonstrating
superior generalization to unseen scenarios.

4.3. Physics-Guided Neural Networks for Dispersive Spectral Decoupling

While metasurface-based dispersive systems enable multispectral acquisition using a
single sensor, conventional forward-design approaches rely on a simple phase superposi-
tion model that optimizes the phase profile only for discrete wavelengths. As a result, the
axial chromatic dispersion over broad spectral ranges (e.g., 400~900 nm) exhibits strong
nonlinearity (∆z(λ) ∝ λ2), preventing a linear mapping between wavelength and focal
depth. This nonlinearity induces cross-talk among multispectral channels, and the coupled
mechanism among axial dispersion, signal overlap, and algorithmic reconstruction remains
an open problem.

1. Adjoint-based optimization for dispersion linearization: By employing adjoint op-
timization, the metasurface’s nanostructure parameters, such as pillar height and
diameter, are iteratively tuned together with the axial dispersion profile. This com-
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pensates for higher-order chromatic nonlinearity, producing numerically solvable
dispersive images suitable for hyperspectral reconstruction.

2. Physics-informed neural networks: Traditional data-driven deep learning models
(e.g., U-Net) are often treated as “black boxes” in hyperspectral reconstruction, lack-
ing explicit physical constraints on metasurface dispersion. This limits generaliza-
tion in complex imaging scenarios. To overcome this, the axial dispersion transfer
function of the metasurface, defined as the wavelength-dependent point-spread func-
tion, PSF(λ, x, y), can be embedded within a neural network framework to construct
a physics-informed inverse-convolution spectral network, achieving longitudinal-
dispersion spectral decoupling.

The point-spread function (PSF) of the metalens can be calculated from Equation (1).
Figure 19 shows the PSF distributions for different wavelengths from Equation (10), while
Figure 20 illustrates (a) the ground-truth image, (b) the dispersive image formed by the met-
alens, (c) the image recovered via PSF-based deconvolution. However, the reconstructed
image suffers from the loss on image details since PSFs usually work like a low-pass filter
and most of high-frequency information is filtered out. In summary, while direct PSF decon-
volution is physically grounded, its performance is fundamentally limited by the ill-posed
nature of the inverse problem. Pure data-driven neural networks, though powerful, can
lack physical consistency. The optimal approach may merge both by embedding a known
PSF within a deep learning framework. This hybrid method leverages the strengths of
each, using the physical model as a constraint to guide a neural network, thereby achieving
superior accuracy and robustness in spectral reconstruction.

Figure 19. PSF distributions for different wavelengths. (a) PSF at λ = 650 nm. (b) PSF at λ = 550 nm.
(c) PSF at λ = 450 nm.

Figure 20. (a) The ground-truth image, (b) the dispersive image formed by the metalens, (c) the image
recovered via PSF-based deconvolution.
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4.3.1. End-to-End Co-Design Optimization Framework

Traditional design workflows for metalens imaging systems typically follow a sequen-
tial approach, where optical design precedes algorithmic compensation. However, phase
discontinuities in metalenses often introduce image distortion and blurring, while the de-
sign of achromatic metalenses with large apertures and low F-numbers remains challenging.
In recent years, the integration of metalenses with deep learning has opened new avenues
for high-quality imaging. Among these, an end-to-end co-design framework addresses the
limitations of isolated design by unifying the metalens and image restoration algorithms
into a jointly optimizable system. This approach employs a differentiable geometric-phase
metalens as the front end and co-optimizes it with a prior-guided image reconstruction
network, enabling hardware-algorithm synergy. Experimental results demonstrate that this
end-to-end joint optimization strategy significantly outperforms conventional separated
design methods in terms of reconstructed image quality.

Zhang et al. [75] introduced a geometric-phase metalens into a compact snapshot
hyperspectral imaging system. By co-optimizing the hardware and reconstruction algo-
rithm, they achieved end-to-end joint training with a hyperspectral reconstruction network,
significantly enhancing the overall system performance. Yu et al. [76] developed a holo-
graphic imaging system based on a metalens and computer-generated holography. By
adopting an end-to-end optimization strategy to holistically optimize the diffractive op-
tical elements and algorithms, they effectively improved imaging quality. Hu et al. [77]
proposed an end-to-end jointly optimized imaging framework based on a VGG model
and achromatic metalens. By simultaneously optimizing the phase profile of the metalens
and the parameters of the neural network, they achieved high-quality, high-resolution
image reconstruction.

The imaging system adopts an end-to-end co-design framework, which jointly
optimizes the metalens and image reconstruction algorithm through differentiable
forward–backward propagation, as shown in Figure 21. In the forward process, the
ground-truth image is convolved with the point-spread function of the learnable metalens
and corrupted by noise to generate the sensor-captured image, which is then reconstructed
by a neural network. The difference between the reconstructed image and the ground-truth
image constitutes the loss function. During backpropagation, the gradients of this loss
function simultaneously update the neural network weights and the physical parameters
of the metalens. This enables the metalens to evolve into a specialized optical encoder,
while the neural network is trained concurrently as the matching decoder. Together, they
cooperatively approximate the globally optimal performance of the imaging system.

The phase profile of a traditional metalens is typically defined by Equation (1), where
the phase front is designed to generate a perfect spherical wavefront based on a hyperboloid
phase model, with fixed coefficients that cannot be further optimized. In the end-to-end co-
design approach, the phase profile of the metalens must incorporate learnable parameters,
enabling the neural network to optimize these parameters during backpropagation:

φlens(x, y, z, λ) = −2π

λ
(
√

x2 + y2 + f 2 − f ) +
n

∑
i = 0

ai(
x2 + y2

R2 )i (11)

where ∑n
i = 0 ai(

x2+y2

R2 )i is the learnable term, ai represents polynomial phase factors serving
as trainable parameters, and R is the radius of the metalens. The point-spread function
(PSF) is defined as the intensity distribution of a point source on the image plane after
passing through the metalens. It can be calculated via diffraction imaging theory as

PSF =
1

iλz
exp(ikz)

x
exp(iφlens(x0, y0))exp(

ik
2z

[(x − x0)
2 + (y − y0)

2])dx0dy0 (12)
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The image formed on the sensor is a shift-invariant convolution of the ground-truth
image with the PSF, which can be expressed as

I =
∫

(Iλ ∗ Pλ)dλ + ng + np (13)

where Iλ is the ground-truth image, Pλ is the PSF at a certain wavelength, and ng and np

represent Poisson noise and Gaussian noise, respectively.

 

Figure 21. The end-to-end co-design optimization framework imaging reconstruction system [77].

The loss function is defined to measure the discrepancy between the restored image
and the ground truth. During backpropagation, to achieve high-quality iterative image
reconstruction, the parameters of the metalens phase factors and the image restoration
network are continuously optimized in each iteration of the network, aiming to minimize
the deviation between the restored image and the ground truth. The expression can be
written as

{Pmeta, PNN} = argmin
N

∑
i=1

L(IR, Iλ) (14)

where Pmeta represents the phase factor parameters of the metalens, PNN denotes the
parameters of the image restoration network, L(IR, Iλ) is the defined loss function, IR is the
restored image, and Iλ is the ground-truth image.

4.3.2. Physics-Informed Attention and Generative Learning

While end-to-end frameworks optimize the pipeline, the specific architecture of the
reconstruction network plays a crucial role in decoding dispersive signals. Recent research
has moved beyond standard Convolutional Neural Networks (CNNs) to architectures that
explicitly model long-range spectral dependencies and physical generation processes.

CNNs often struggle with the global correlation required to “unmix” signals in highly
dispersive systems. Transformers, utilizing self-attention mechanisms, have emerged as
a superior alternative. Cai et al. introduced MST++, a spectral-wise multi-stage Trans-
former that maps nonlinear dispersion relationships across channels using global attention,
achieving state-of-the-art fidelity [78]. Similarly, Hu et al. proposed HDNet, which fuses
high-frequency spatial features with spectral attention to prevent the smoothing of fine
texture details often seen in metasurface reconstruction [79].
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To tackle the ill-posed nature of 3D hyperspectral recovery, generative models are
being employed to hallucinate plausible high-frequency details constrained by physical
measurements. Chung et al. established the framework of Diffusion Posterior Sampling,
which conditions the reverse diffusion process on the physical measurement operator
(e.g., the metasurface transfer function), allowing for the rigorous solution of noisy inverse
problems without task-specific training [80]. Finally, the representation of light fields is
evolving from voxel grids to Implicit Neural Representations (INRs). Attal et al. demon-
strated HyperReel, a 6-DoF video representation that uses ray-conditioned sampling to
reconstruct high-fidelity volumetric data, offering a pathway for representing the continu-
ous 5D light fields captured by metasurface arrays without discretization errors [81].

4.4. Hyperspectral Reconstruction Algorithm

A neural network model is proposed to incorporate the metasurface’s broadband
spectral response as a prior [75]. A differentiable function maps the spectral-to-spatial
relationship of the PSF across the sensor plane. The differentiable reconstruction pipeline
consists of three consecutive stages as metasurface phase encoding, PSF convolution simu-
lation, and sensor-noise modeling. This framework allows the network to learn effective
features and exploit the spectral power distribution for physics-based deconvolution,
improving generalization across complex scenarios.

As shown in Figure 22, the feature-propagation deconvolution network achieves
qualitatively superior reconstruction compared to previous methods. By combining a
dispersion-optimized metalens, a PSF-informed neural deconvolution model, and a fully
differentiable imaging pipeline, an end-to-end metasurface hyperspectral camera can
be realized. Figure 23 illustrates the backbone of the multistage Convolutional Neural
Network and an eight-layer example network, integrating PSF priors. Figure 24 shows
PSFs and experimental images obtained at different stages during spectral reconstruction
with physics-informed neural network. The spectral channel is 10 nm.

Figure 22. Optical deconvolution processing workflow (∗ is defined as the convolution operator and
bidirectional arrows indicate a mutual interaction) [75].
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Figure 23. Neural network architecture. (a) Overall deep-learning pipeline, (b) PSF-informed prior network.

Figure 24. Images and PSFs obtained at different stages during spectral reconstruction with the
physics-informed neural network. (a) The original hyperspectral image. (b) Simulated PSFs of
25 channels in the wavelength of 460~700 nm. The channel sequence is the same in (e). (c) The color
image received by the imager. (d) The reconstructed hyperspectral image. (e) Reconstructed images
for 25 spectral channels of 460~700 nm.

In summary, incorporating PSFs that encode multiwavelength spectral features into
an inverse-convolution neural network enables robust mapping between hyperspectral
characteristics and spatial images. Leveraging the precise longitudinal-dispersion control
of the metasurface, this approach establishes an efficient hyperspectral reconstruction
framework. Critically, achieving mathematically differentiable phase distributions across
the target spectral range while maintaining optical focusing with controlled axial dispersion
is essential for high-resolution spectral imaging. Efficient inverse design of such metalenses
is therefore a key enabler of accurate hyperspectral reconstruction.
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5. Roadmap to Implement 3D–Hyperspectral Metalens-Array
Light-Field Camera

The conventional approach of using a single PSF with neural networks becomes
inadequate for metasurface-based light-field cameras aiming for joint 3D and hyperspectral
imaging, as spatial, angular, and spectral information are intrinsically entangled. Instead,
the most promising solution involves developing a differentiable end-to-end imaging model
that explicitly encapsulates the complete light transport through the metasurface array.
This physics-informed framework can be effectively integrated with deep learning, either
by training networks to invert this comprehensive model or by employing implicit neural
representations that jointly reconstruct continuous 3D geometry and spectral radiance.
By learning to invert the highly aliased sensor measurements under explicit physical
constraints, this approach enables coherent reconstruction of both spatial and spectral
information from a single captured image.

5.1. Coupling Mechanisms Between Metasurface Dispersion and Light-Field Imaging

Dispersion compensation in metasurfaces hinges on sophisticated nanostructural de-
signs that match or counteract the inherent nonlinear dispersion of meta-atoms. The specific
implementation mechanisms are diverse: the asymptotic phase compensation architecture
(e.g., high-aspect-ratio nanopillar libraries) employs a “nonlinear matches nonlinear” strat-
egy, optimizing the designed phase dispersion to asymptotically approach the structural dis-
persion, thereby enabling ultrabroadband linear control [36]. Folded-path/resonator-like
configurations exploit localized interference effects within a unit cell to independently
manipulate the group delay of different polarizations or wavelengths by controlling the
equivalent optical path length [82]. Multi-resonance architectures synthesize a targeted
quadratic phase response over a broad spectrum by superimposing multiple electromag-
netic modes, achieving potent dispersion compensation [83].

However, these physical mechanisms primarily provide a “tunable parameter space.”
Inverse design elevates these compensation schemes toward their performance limits by
algorithmically mapping “dispersion targets” directly to “structural geometry.” It incor-
porates group delay (∂ϕ/∂ω), group delay dispersion (∂2ϕ/∂2ω), and efficiency (η) into a
unified objective function, employing methods like the adjoint method or deep learning to
search for the optimal nanostructure shapes and spatial distributions in a single optimiza-
tion loop. This approach furnishes a deterministic physical basis for pixel-level, channel-
precise wavelength encoding and separation, which is fundamental to high-performance
hyperspectral imaging.

A multiphysics model that characterizes the spatial-frequency modulation of the meta-
surface under varying wavelengths and incident angles is therefore essential. It serves as
the critical bridge connecting the incident light field to the output point-spread function
(PSF). Two key challenges in this modeling are (i) dimensional extension, from the conven-
tional 4D light field (x, y, θ, ϕ) to a 5D representation that includes the spectral dimension
λ, (ii) coupling mechanism characterization, revealing how metasurface dispersion inter-
acts with light-field propagation, such as wavelength–angle cross-modulation induced by
group-velocity dispersion.

The system transfer function is obtained by superposing the electric fields of individual
metasurface unit cells:

H(u, v, λ, θ) =
K

∑
k =1

L

∑
l =1

[Tkl(λ, θ) +
M

∑
m =1

N

∑
n =1

Ckl,mn(λ, θ)] · ei 2π
λ (u·xkl+v·ykl) (15)

where (xkl , ykl) denote the center coordinates of the (k, l)-th meta-atom, Tkl(λ, θ) is the
transmission with respect to (λ, θ), and Ckl,mn(λ, θ) is the coupling between metasurface
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units. (u, v) are the spatial-frequency components related to incident angles, and n(λ) is
the wavelength-dependent refractive index:

u = n(λ)
sinθx

λ
, v = n(λ)

sinθy

λ
(16)

After modulation by the metasurface, the object field spectrum O(u, v) produces the
image-plane light field,

Eimage(x, y, λ, θ) = F−1[H(u, v, λ, θ) · O(u, v)] (17)

and the corresponding point-spread function (PSF) is defined as the intensity distribution:

P(x, y, λ, θ) =
∣∣Eimage(x, y, λ, θ)

∣∣2 (18)

To implement the proposed roadmap, accurate characterization of the system’s point-
spread function (PSF)—defined as the wavelength- and angle-dependent intensity response
P(x, y, λ, θ)—is critical. We identify two complementary approaches to acquire this 5D PSF.

Physics-Based Numerical Simulation: This approach builds upon the system transfer
function derived in Equation (16). The process begins with full-wave electromagnetic
simulation (e.g., FDTD or RCWA) of the meta-atom library to map geometric parameters
to complex transmission coefficients (S-parameters). By superposing the response of
individual unit cells according to the phase profile φlens(x, y, z, λ) (Equation (12)), the
modulated wavefront is propagated to the sensor plane using vector diffraction theory. The
simulated PSF is then calculated as in Equation (19). Iterating this process across the target
spectral (VIS-NIR) and angular ranges generates the massive 5D PSF dataset required for
training deep reconstruction networks without physical scanning.

Experimental Calibration: While simulation provides a noise-free baseline, experi-
mental calibration is indispensable for capturing manufacturing imperfections (e.g., phase
errors due to etching tolerances). The calibration setup typically employs a collimated
tunable laser source to approximate a point source at infinity. By mechanically scanning
the incident angle θ, the sensor captures the empirical PSF, Pexp.

To bridge the gap between the ideal simulation and physical reality, we propose a
correction framework where the system PSF is modeled as

Psystem = Psim ⊗ K(λ, θ) + ∆(λ, θ) (19)

where K represents a convolutional kernel accounting for optical blur or misalignment, and
∆ represents additive residual discrepancies. This hybrid approach ensures the forward
model is both physically grounded and experimentally accurate.

With a comprehensive understanding of the multiphysics coupling in metalens arrays,
this model allows for rapid optimization of the field distribution using inverse-design
algorithms combined with adjoint-field methods, enabling efficient convergence toward
the globally optimized metasurface layout.

5.2. Multidimensional Light-Field–Spectral Coupling–Decoupling and Reconstruction Theory

The end-to-end reconstruction of three-dimensional hyperspectral images from a meta-
surface lens array fundamentally constitutes a joint optical encoding and computational
decoding information channel optimization problem. While end-to-end neural networks
are widely adopted for efficient image reconstruction, conventional architectures often over-
look the inherent physical constraints of the optical system, leading to decoupling errors
between the PSF and the reconstructed image. Constructing a differentiable information
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channel model constrained by optical encoding priors is therefore critical for establishing a
neural network that integrates spectral, angular, and spatial information. This theoretical
framework addresses the ill-posed nature of reconstruction in multi-physical coupled fields
by enabling decoupling and recovery of spectral–angular–spatial information, thereby
mitigating under-sampling and computational complexity in high-dimensional data.

(1) 5D Light-Field Tensor Representation
We define a 5D light-field tensor:

L[i, j, m, n, p] = Eout
(

xi, yj, λm, θn, ϕp
)

(20)

This tensor comprehensively encodes the coupled relationships across spatial (x, y),
spectral (λ), and angular (θ, φ) domains.

(2) Core Theoretical Breakthrough: Tensor Low-Rank Decomposition
Observed data Y ∈ RX×Y×Λ×Θ are decomposed using Tucker decomposition:

Y = G ×1 U(X) ×2 U(Y) ×3 U(Λ) ×4 U(Θ) + E (21)

where G is the core tensor capturing intermodal coupling strength, U(*) are factor ma-
trices describing basis functions along each dimension, and the decomposition ranks
(RX , RY, RΛ, RΘ) are determined via cross-validation.

(3) Joint Optimization Reconstruction Model
A spectral–angular–spatial joint objective function is formulated as

min ∥ Y − P∗L ∥2
F +α ∥ ∇λS ∥1 +βTVxy(L) + γTVθφ(L) (22)

where S = FλL is a spectrally sparse transform and the total variation (TV) regularization
suppresses spatial–angular noise:

TVxy(L) = ∑
i,j

√∣∣∇xLi,j
∣∣2 + ∣∣∇yLi,j

∣∣2 (23)

TVθφ(L) = ∑
i,j

√∣∣∇θLi,j
∣∣2 + ∣∣∇φLi,j

∣∣2 (24)

(4) Wavelength–Angular Decoupling
Introducing a decoupling operator D, the coupled tensor is decomposed as

L = D(Lλ ⊗Lθ) +N (25)

where Lλ ∈ RX×Y×Λ encodes pure spectral features, Lθ ∈ RX×Y×Θ encodes pure angular
features, and the decoupling error N is <5% (quantified by mutual information).

(5) End-to-End Neural Network Implementation
The feasibility of end-to-end reconstruction lies in effectively coupling the physical

dispersion characteristics of the metasurface lens with the data-driven feature learning of
neural networks. Traditional stepwise reconstruction methods artificially separate optical
degradation from algorithmic recovery, resulting in cumulative errors, particularly under
high-spectral-mixing or low-SNR conditions [84]. The end-to-end framework embeds
the dispersion transfer function of the metasurface lens directly into differentiable neural
network layers, forcing the model to simultaneously learn optical degradation rules and
reconstruction priors during training. This strategy overcomes the intrinsic limitations
of conventional workflows. While this paradigm is promising, its success hinges on the
accuracy of the differentiable forward model and the availability of large-scale training
datasets. Future work must focus on bridging the “sim-to-real” gap through sophisticated
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physical modeling introduced above and efficient self-supervision strategies that minimize
the need for experimentally captured ground-truth 5D data.

5.3. Implementation Pathways and Challenges for Seed Phenomics

This section will review existing computational algorithms for light-field and spectral
decoupling, and on this basis, discuss the potential pathways and challenges for their
co-design with metasurface array hardware. This integration forms the technical core of
the future platform we propose.

5.3.1. Key Technology Map, Challenges, and Future Perspectives

To bridge the gap between proof-of-concept devices and a practical 5D phenomics
platform, we first define a “Target Design Envelope” based on the intrinsic biological
requirements of seed screening. For example, detecting micro-cracks in maize or soybean
seeds (typically 5–15 mm in diameter) mandates a spatial resolution of approximately
30–50 µm [1,2]. Simultaneously, accurate chemical phenotyping (e.g., protein and moisture
content) requires extending the spectral range into the NIR-SWIR region (up to 1700 nm) [6].
Even though research on the application of metalenses or metalens arrays in plant and
seed phenomics is still in its early stages, with few studies reported, we anticipate this field
will experience rapid growth, driving significant advancements and even revolutionizing
traditional imaging methodologies [85].

Table 1 highlights the advantages, challenges and trends of metasurface optics with
computational imaging as hyperspectral imaging, 3D reconstruction and fusion appli-
cations. Key challenges include optical efficiency of metasurfaces, spectral cross-talk,
ill-posed reconstruction from mixed signals, computational scalability, standardization
of multimodal phenotyping data, and robustness in non-laboratory environments. Fu-
ture research is expected to leverage advanced materials, dedicated hardware accelerators
(e.g., GPUs), and AI-driven pipeline optimization to address these challenges, enabling
scalable, high-throughput seed phenotyping platforms.

Table 1. Fundamental metasurface technology for 3D reconstruction and hyperspectral imaging.

Technology Direction Main Advantages Technical Challenges Future Trends

Metasurfaces for
Hyperspectral Imaging

• Single-shot acquisition: Complete spectral
data without mechanical scanning

• Broadband efficiency: Maintaining high
transmission across visible–NIR spectrum

• New dielectric materials for
enhanced efficiency

• System miniaturization: Replaces
complex spectroscopic systems

• Spectral cross-talk: Interwavelength
interference elimination • Physics-informed neural networks

• Controllable dispersion: Precise
wavelength manipulation

via nanostructures

• Manufacturing precision: Nanoscale
fabrication tolerances affecting

spectral response
• Nanoimprinting for mass production

• High design freedom: Inverse design for
optimal spectral encoding

• Calibration complexity: Accurate PSF
wavelength dependence characterization • Integrated optoelectronic computing

• Computational imaging fusion:
Co-optimization with deep

learning algorithms

• Computational demand:
High-dimensional data

reconstruction requirements

• Transition from lab to
industrial applications

Metasurface Arrays for
3D Reconstruction

• Multi-view synchronization:
Simultaneous capture from

different perspectives

• Viewpoint consistency: Performance
uniformity across array elements • Large-scale uniform array fabrication

• Depth information extraction: Accurate
3D reconstruction via parallax calculation

• Spatial resolution limitation: Resolution
limited by microlens array size • Advanced depth estimation algorithms

• Motion capture: Dynamic scene capture
correlated in single shot

• Depth accuracy: Reconstruction precision
constrained by baseline and resolution • Wide-field metasurface design

• Occlusion recovery: Occlusion potentially
reconstructed from angular data

• Data reconstruction: Complex algorithm
for image alignment and reconstruction • Real-time processing architectures
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Table 1. Cont.

Technology Direction Main Advantages Technical Challenges Future Trends

Metasurface Arrays for
3D–Hyperspectral Fusion

• 5D information acquisition: Simultaneous
spatial (x, y), angular (θ, φ),

spectral (λ) capture

• 5D coupling decoupling: Extreme
complexity in

spatial–spectral–angular separation
• Multiphysics-informed machine learning

• Hardware-algorithm co-design:
End-to-end joint optimization

• System modeling difficulty: Accurate
multiphysics coupling models • Advanced tensor decomposition methods

• Complementary information
enhancement: Mutual constraints

improve reconstruction

• Data explosion: Massive 5D data storage,
transmission, and processing • Heterogeneous integration technologies

• Single-exposure completeness: Full
high-dimensional data cube

without scanning

• Manufacturing limits: Large-scale
high-uniformity metasurface

array fabrication
• Edge computing for real-time applications

• Compact multifunctionality: Multiple
traditional systems in single device

• Computational requirements: Real-time
processing needs powerful hardware

• Next-generation
computational photography

A central challenge in realizing this roadmap is the “Sim-to-Real” gap. Training end-
to-end networks requires massive datasets of paired measurements (sensor images) and
ground truth data (5D spectral–spatial volumes). However, acquiring “Ground-Truth 5D
Data” for biological samples like seeds is physically prohibitive; no existing instrument can
simultaneously capture high-resolution 3D geometry and hyperspectral data in a single
snapshot to serve as a label.

To overcome this, we propose a two-stage data strategy:
Physics-Driven Synthetic Data Generation: Utilizing the rigorous forward model

described in Section 5.1, we can generate synthetic sensor measurements from existing
databases (e.g., 3D scans of seeds combined with USDA spectral libraries). This allows the
network to learn the fundamental physics of dispersion and light-field encoding.

Domain Adaptation: To generalize to real-world conditions, transfer learning tech-
niques should be applied. The network pre-trained on simulation data can be fine-tuned
using a small set of “unpaired” real data or “weakly paired” data (e.g., separate 3D and
spectral measurements of the same seed variety), employing cycle-consistent generative
adversarial networks (CycleGANs) to align the domain distributions.

To illustrate the advantages of metasurface-based approaches over traditional meth-
ods, Table 2 provides a detailed comparison of key metrics, including volume/thickness,
chromatic aberration control, system integration, and imaging efficiencies, across refractive
microlens arrays, metasurface array, CASSI systems, and metasurface modulators.

Table 2. Comparative analysis of key technologies in snapshot hyperspectral imaging: refractive
microlens arrays, metasurface arrays, coded aperture snapshot spectral imaging (CASSI), and on-chip
metasurface modulators.

Category Metric (Reviewer Requested) Refractive MLA
[86,87]

Meta-Array
[88,89]

CASSI
[90,91]

Metasurface
[22,92]

1. Dispersion Mechanisms

Axial Dispersion Sensitivity
(∂f/∂λ)

~0.005
µm/nm

Negligible
(Achromatic/Corrected) N/A Non-Uniformly Coupled

Lateral Dispersion Rate (∆x/∆λ)
~0.005

pixels/nm
N/A

(Spatial Multiplexing)
~0.5–2

pixels/nm
Low/Parasitic

(Radial Blur if Uncorrected)

2. Optics and Efficiency

Chromatic Aberration Control
Range

Broadband
(430–780 nm)

Discrete Bands
(Specific Center λ)

Broadband
(430–780 nm

Material Limited)

Broadband
(400–1700 nm)

Monochromatic
Efficiency

Very High
(>95%)

High
(~60–80%)

High
(~80–90%)

High
(~70–90%)

Broadband Imaging Efficiency High
(>90%)

Medium
(~40–60%)

Medium
(~50%, Mask Blocking)

High
(~70%)

Throughput
(NA) 0.2–0.5 Medium

(NA~0.3)
Low–Medium

(NA Limited by F-Number)
High

(NA up to 0.8–0.9)

3. Physical Specs

Thickness/Volume Bulky
(TTL > 50 mm)

Ultra-Compact
(TTL < 500 µm)

Bulky System
(TTL > 100 mm)

Ultra-Compact
(TTL < 1 mm)

System Integration
(Component Count)

Low
(Lens Group + MLA + Sensor)

High
(CMOS Integration)

Low
(Obj + Mask + Relay + Prism +

Sensor)

High
(Monolithic Integration)
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Table 2. Cont.

Category Metric (Reviewer Requested) Refractive MLA
[86,87]

Meta-Array
[88,89]

CASSI
[90,91]

Metasurface
[22,92]

4. Imaging Specs

Spectral Resolution Low (~20–50 nm) Medium (~10–20 nm) Medium–High (<10 nm) High (~1–5 nm)

Spatial Resolution
Low

(Trade-off:
Spatial/Spectral)

Medium
(Sub-Sampled)

Medium
(Mask Resolution Limited)

High
(Full Sensor Pixel Count)

Depth Res/DOF High/Refocusable
(Light-Field Capability)

Low
(Fixed Focus)

Low/Fixed
(Planar Imaging)

High/Tunable
(Point-Spread Function

Engineering)

Signal-to-Noise Ratio (SNR) High (>40 dB) Medium (~30 dB) Medium
(20–30 dB, Shot Noise) Medium (25–35 dB)

5. Algorithm and Data

Calibration Burden Geometric
(Microlens Center Alignment)

Light
(Filter Response Matrix)

Heavy
(Full 3D PSF Scanning)

Light
(1D z-λ Curve Fitting)

Reconstruction Runtime Fast
(Linear Processing, <5 s)

Real-time
(Demosaicing, ms)

Slow
(Iterative/DL, mins to hours)

Real-Time
(~100 ms)

Dataset/Training Req. None Low
(For Demosaicing)

High
(Model-Based/

DL-Based Reconstruction)

High
(96 Channels, Training

Augmentation/Transfer Learning)

5.3.2. Validation Framework for Seed Phenotyping

To ensure the proposed metasurface platform yields reliable biological insights, we
establish a structured validation protocol specific to seed traits. This protocol assesses
performance across three hierarchical levels.

Level 1: Data Fidelity (Ground Truthing):
The reconstructed point clouds will be compared against high-precision Micro-CT

scans (resolution < 10 µm). Accuracy will be quantified using the Chamfer Distance (CD)
and volumetric error percentages. Reconstructed spectra at distinct spatial points will be
validated against measurements from a calibrated contact spectrometer. Metrics include
Root Mean Square Error (RMSE) and Spectral Angle Mapper (SAM) to assess spectral
shape fidelity.

Level 2: Trait Extraction Accuracy:
Morphological traits (e.g., length, width, surface area) extracted from the metasurface

system will be regressed against manual caliper or machine-vision benchmark measure-
ments.

Level 3: Functional Prediction (Reproducibility and Application):
The ultimate validation lies in the platform’s predictive power. We propose training

regression models (e.g., PLS-R) on the reconstructed data to predict biochemical traits
(e.g., protein content, moisture). These predictions will be cross-validated against destruc-
tive laboratory chemical analysis (e.g., Kjeldahl method for protein). System robustness
will be evaluated via the Intraclass Correlation Coefficient (ICC) by imaging the same seed
batches under varying orientations and lighting conditions.

Overall, this roadmap outlines a pathway toward a transformative, metasurface-driven
imaging platform for next-generation seed phenomics research. Its privilege advantage
lies in leveraging a single, compact optical front-end to replace complex multi-component
systems, enabling the non-destructive, single-shot acquisition of fused morphological and
biochemical data. This integrated approach directly addresses the critical bottleneck in
high-throughput seed phenomics by providing a multidimensional “phenotypic finger-
print” that bridges the gap between genotype and observable traits.

However, the practical implementation of this vision faces several significant limi-
tations. Optical efficiency of large-area metasurfaces, particularly across broad spectral
bands, remains a challenge, constraining signal-to-noise ratio [52]. The computational
burden of solving the ill-posed inverse problem for 5D data reconstruction is immense,
demanding further innovation in algorithms and hardware acceleration [93]. While indus-
trial sorting demands high throughput, most broadband metasurfaces currently exhibit
optical efficiencies of 40–60% (vs. >90% for refractive optics) [52]. To compensate for this
photon loss, higher illumination intensity is often required to maintain the signal-to-noise
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ratio (SNR). This creates a conflict with the thermal limit (~40 ◦C) of viable seeds, as ex-
cessive heat accumulation from high-intensity light can damage seed germinability [94].
Therefore, improving broadband efficiency is not merely an optical goal but a biological
necessity to enable low-dose, high-speed imaging. Unlike discrete refractive filters, dis-
persive metasurfaces often exhibit spectral–spatial cross-talk. This complexity increases
the calibration burden and can degrade the quantitative accuracy of chemical inversion
(e.g., oil/protein estimation) [95]. Consequently, the roadmap emphasizes the need for
advanced deep-learning reconstruction algorithms to decouple these signals effectively.

Future developments will likely focus on overcoming these hurdles through advanced
inverse design incorporating novel optical materials and structure to boost efficiency,
and the creation of “physics-informed” models that deeply integrate optical principle
with optimization algorithm for faster and more robust reconstruction. Ultimately, the
convergence of metasurface optics, computational imaging is poised to create intelligent,
all-in-one imagers that will not only revolutionize seed phenotyping but also find broad
applications in biomedical diagnostics, remote sensing, and consumer electronics [96].

6. Conclusions and Perspectives
This review has articulated the potential applications of seed phenotyping, with

metasurface-based light-field platform for 3D reconstruction and hyperspectral imaging.
We began by elucidating the fundamental principles of both technologies: light-field
imaging, which captures the angular distribution of light to enable computational depth
estimation and 3D seed model generation, and hyperspectral imaging, which resolves
the spectral signature of a scene to map its molecular composition. The convergence of
these two modalities promises a powerful, non-destructive tool for high-throughput seed
phenomics, capable of capturing both morphological and physiological traits in a single
snapshot. Our discussion focused on the pivotal role of metasurfaces as the promising
technology for this integration. Key design technologies were explored, including advanced
inverse design and adjoint optimization methods, which allow for the creation of metalens
arrays tailored for specific light-field and spectral encoding tasks.

Regarding the current state of the art, we surveyed representative implementations,
such as lateral-dispersion systems for compact spectral imaging and axial-dispersion
designs that encode depth and wavelength into a single measurement. The critical challenge
of computational reconstruction was addressed, highlighting the emergence of physics-
informed neural networks that embed the system’s point-spread function as a prior to
robustly decouple the intertwined spatial, angular, and spectral information from a single
encoded image.

Future development of this field is poised to follow a clear roadmap. The initial focus
on establishing high-fidelity 3D imaging with achromatic metalens arrays will progres-
sively integrate spectral capabilities, ultimately achieving a fully fused 3D–hyperspectral
data volume. While challenges in optical efficiency, computational complexity, and sys-
tem robustness remain, the ongoing synergy between metasurface design, computational
algorithms, and machine learning is set to unlock compact, high-throughput, and multidi-
mensional imaging platforms. These systems will not only advance seed phenomics but
also broadly impact precision agriculture, biomedical imaging, and beyond, marking a
significant leap forward in non-destructive analytical technologies.
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