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Abstract: Spectrometers are key instruments in diverse fields, notably in medical and biosensing
applications. Recent advancements in nanophotonics and computational techniques have contributed
to new spectrometer designs characterized by miniaturization and enhanced performance. This
paper presents a comprehensive review of miniaturized computational spectrometers (MCS). We
examine major MCS designs based on waveguides, random structures, nanowires, photonic crystals,
and more. Additionally, we delve into computational methodologies that facilitate their operation,
including compressive sensing and deep learning. We also compare various structural models and
highlight their unique features. This review also emphasizes the growing applications of MCS in
biosensing and consumer electronics and provides a thoughtful perspective on their future potential.
Lastly, we discuss potential avenues for future research and applications.
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1. Introduction

Spectrometers are critical instruments in analytical applications and have demon-
strated extensive usage across diverse fields, such as chemistry [1], biology [2], food
science [3], and agriculture [4]. The evolution of spectrometry began with rudimentary dis-
persers such as prisms, which date back to the era of Newton [5], and has since progressed
to a more compact and efficient design. Contemporary designs typically incorporate
fore-optics and a grating [4], allowing for wavelength-sensitive light dispersion after trans-
mission through the grating. Subsequently, individual wavelengths can be registered
and analyzed.

Classically, disperser-based spectrometers function by demultiplexing the incoming
light into its constituent wavelengths. This enables direct measurement of the intensity of
each wavelength, thus forming the spectrum of the input light. However, the resolution
of disperser-based spectrometers is usually constrained by aberrations within the optical
system, the pixel size of the camera sensor, and manufacturing discrepancies. Moreover, the
throughput of the system is limited due to the necessity of eliminating spatial information,
leading to a compromised signal-to-noise ratio (SNR).

The recovery of spectra through computational methods seeks to simplify the spec-
trum acquisition system while improving both spectral resolution and SNR. Notable
examples include the Fourier transform spectrometer (FTS) [6] and the Hadamard trans-
form spectrometer (HTS) [7,8]. Many FTS operate on the principle of the Mach—Zehnder
interferometer (MZI), adjusting the interference of the input light to capture the Fourier
transform of the spectrum. There are several mature FTS commercially available, with
further discussion of FTS to follow later in this review. Conversely, HTS employs multiple
encodings to capture the spectrum using a single-pixel detector, offering a potential cost
reduction. Nevertheless, the alignment issue remains a significant challenge in FTS, and
research is ongoing to address it.
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While spectrometers hold great utility, their conventional setups are often bulky and
expensive [8], limiting their applications in certain scenarios. Development in nanophoton-
ics manufacturing technology and the advent of intensive light-matter interactions in silicon
devices have enabled the application of spectrometry to chip-wise systems. This significant
advancement has drastically reduced device size, broadening the scope of applications for
miniaturized spectrometers.

It is possible to develop micro-spectrometers based on miniaturized diffractive optics.
However, such a design remains subject to the issues faced by disperser-based spectrome-
ters, including aberrations and alignment. Therefore, it is preferable to utilize nanophotonic
structures as light modulators. Directly recording the intensity of each wavelength could
require a large device footprint; hence, measurement points are typically fewer than the
data points obtained with the aid of compressive sensing (CS) theory. The CS theory
states that a signal can be largely recovered with fewer samples than stipulated by the
Nyquist sampling theory with minimal loss. Under CS theory, the spectrum is encoded
with a nanophotonic structure, then decoded using computational methods. The integra-
tion of nanophotonics technology and computational methods gives rise to miniaturized
computational spectrometers (MCS).

In recent decades, significant research effort has been devoted to MCS. Numerous
effective structures and encoding schemes have been proposed. To support ongoing and
future research, this review summarizes prior work, comparing them to outline the present
research landscape and gaps. Since we focus on delivering a comprehensive understanding
of this field, not much space is dedicated to non-computational spectrometers and hyper-
spectral imaging systems. A number of valuable research studies exist on miniaturized
spectrometers based on traditional methods as well as computational hyperspectral imag-
ing systems [9-12], which expand the analysis from 1D spectral information to 3D data
cubes. However, this paper focuses on MCS only, and we direct interested readers to other
informative reviews, such as [13-17].

The review is structured as follows: Section 2 outlines the basic principles of all the
MCS discussed herein, describing the common encoder—decoder structures. This serves
as the fundamental theory of MCS. Section 3 compares various encoding strategies and
discusses their advantages and disadvantages. Representative works are highlighted
and analyzed. Section 4 explores the decoding algorithms for MCS, including convex
optimization and machine learning. Several recent algorithms are presented. Section 5
offers examples of the wide range of applications of MCS, and Section 6 concludes this
review by discussing the future direction and outlook of MCS.

2. General Principles of Miniaturized Computational Spectrometers
2.1. Architecture of Miniaturized Computational Spectrometers

The main feature that sets computational spectrometers apart, in addition to their
small size achieved through nanophotonics, is the special kind of signal they record. In
contrast to traditional spectrometers that measure the intensity of each wavelength directly,
computational spectrometers capture an encoded version of the spectrum. Modulation
is applied to the spectrum, and the captured signal represents a composite result of the
modulation. It is then decoded computationally.

Hence, the essence of a computational spectrometer is constituted by two primary
components: the encoder and decoder. The simplest encoder is represented by an array of
narrowband filters, each of which transmits only a single wavelength, thereby recording all
wavelengths sequentially. This can be expressed as follows:

vi= Y ai(M)x(A),i=1,2,3,...,n O
A
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Here, A is wavelength, x(A) is the spectrum to be measured, a;(A) is the transmission
function for the i" measurement, and y; is the i" measured signal. This can be written in a
matrix format:

Y = AX ()

where Y is the matrix containing the measured signals, A is the matrix containing the
transmission function a;(A) in each row, and X is the actual spectrum. This format applies
to all the MCS scoped in this review. The narrowband filters [18] can be conceptualized as
an encoder forming a diagonal matrix, with all diagonal elements being 1:
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Here, A, x; is the transmission matrix where 7 is the number of measurements and
the number of datapoints recovered. However, such an approach necessitates a large
number of filters, which considerably increases the footprint of the device. Also, its SNR is
limited due to the majority of the energy not being received with the detector since only
one wavelength is transmitted each time. Furthermore, as resolution increases, so does the
manufacturing precision required to maintain the central peak of each filter. Consequently,
the device becomes more fragile, requiring stability in the face of environmental changes,
limiting the utilization of narrowband filters.

In contrast, broadband filters used in computational spectrometers allow all the filters
to respond to the entire input band [19-21]. Thus, the output of each filter represents
a summation of the product of the response curve and the input spectrum, effectively
sampling the spectrum by varying weight combinations for each wavelength. The recorded
signal corresponds to the receptor number 7, which should typically be significantly smaller
than the number of data points in the input spectrum m. The transmission is now Ay as
shown below, with a,,, referring to each element in the matrix, most of which are non-zero.
The problem is underdetermined and cannot be directly solved, so CS is needed.

a1 412 413
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An1 T Onm

This section breaks computational spectrometers down into two components: the
encoder and decoder. Despite their common theoretical basis and common methods of
convex optimization for signal recovery, the encoding process remains crucial in device
design. Leveraging intricate light-matter interactions, we have access to various encoding
methods. Thus, this review focuses on presenting a comprehensive examination and
comparison of the primary encoding methods.

2.2. Compressive Sensing

The development of MCS is closely linked with CS theory. The CS theory posits that if
a signal exhibits sparsity in a certain domain, fewer samples are needed to retrieve most
of the signal’s information through optimization methods. The sampling ratio is typically
significantly lower than that prescribed by the Nyquist sampling theorem, leading to an
underdetermined problem [22]. The CS theory requires fewer measurements than the
data points to be recovered, and as such, the footprint of MCS is significantly reduced. In
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addition to sparsity, CS theory necessitates that the sensing matrix be incoherent [23]. And
with all requirements fulfilled, a large portion of the signal can be recovered via convex
optimization [24].

Prior to the advent of CS-based methods, which employ regularization with opti-
mization, researchers had explored other strategies for solving underdetermined problems,
including singular value decomposition (SVD) and dictionary learning. These will be
further expounded in Section 4.

3. Encoder

Before explaining the different designs of encoders, it is essential to understand
the governing principles that influence the design of various encoding methods. The
main factors that need to be considered in this context include footprint, resolution, and
bandwidth. Typically, MCS balance between these three parameters. This is primarily due
to the constraint that the recovered data points are limited, thereby creating a situation
requiring a trade-off. If the focus is directed toward a specific region, the resolution is
increased at the expense of bandwidth, and vice versa. Similarly, the footprint imposes
restrictions on the data points collected, adding another aspect to this balance.

3.1. Fiber

A direct design of modulators for computational spectrometry is the utilization of
multimode fibers (MMFs) as encoders. Hang et al. [25] pioneered this approach by integrat-
ing a bundle of photonic bandgap fiber alongside a monochrome charge-coupled device
(CCD) to make a spectrometer. The transmission curves of the fibers differ from each other.
Their experiment yielded a resolution constraint at approximately 30 nm.

Subsequently, Redding et al. [26] ventured further by employing solely an MMF for
spectrometric applications. Inside the MMF, wavelength-dependent speckles are mani-
fested due to inherent interference between different wavelengths. As varied wavelengths
are channeled into the fiber, the emergent pattern is an encoded version of these distinct
wavelengths. By using optimization techniques, spectrum reconstruction becomes feasible.
Also, the spectral response sharpens with an increase in the length of the fiber. A notable
experiment with a 20 m long fiber culminated in an impressive resolution of 8 pm. Further-
more, the ability to measure a broadband light spectrum was retained with a fiber length of
merely 2 cm, albeit with diminished resolution.

Later innovations [27] led to the use of an ultra-long 100 m fiber, remarkably miniaturiz-
ing the scale of the device. The device is shown below in Figure 1a. With this configuration,
they achieved a high resolution of 1 pm at a wavelength of 1500 nm. This represents a large
improvement in resolution, though with a significant trade-off in cost. Also, it is analyzed
that variation in ambient temperature, a factor that may influence the performance of fibers,
can be largely rectified through recalibration.

Camera

A1}

o)

o),

(b) MMF bundle

Figure 1. Fiber-based MCS. (a) MCS using a 100 m fiber (figure reprinted with permission from [27]
© The Optical Society); (b) seven MMFs bundled in a spectrometer using a WDM for OCT (figure
reprinted with permission from [28] © The Optical Society).

However, a persistent challenge with MMFs is the inherent trade-off between resolu-
tion and bandwidth. Although enlarging the fiber core permits the passage of a broader
band of spectrum, this invariably dilutes the contrast between speckles across these bands,
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which diminishes the spectrometer resolution. Addressing this problem, a subsequent
experiment employed a bundle of seven MMFs [28], complemented by commercial wave-
length division multiplexers (WDM). This setup allowed simultaneous multiplexing of
signals into each MMF and concurrent capture of outputs across all fibers, as shown in
Figure 1b. The outcome was a substantial expansion of bandwidth to 100 nm, coupled
with a commendable 0.03 nm resolution at a wavelength of 1500 nm. Demonstrating the
real-world applicability of this advancement, they illustrated its potential in spectral optical
coherent tomography (OCT).

Fiber spectrometers offer multiple advantages, including broad bandwidth, cost-
effectiveness, and a simplified manufacturing process. Yet, even with a noteworthy reduc-
tion in size [27], they remain less compact compared to on-chip devices. Therefore, there is
potential for further reductions in their footprint.

3.2. Waveguide

Waveguides have been extensively employed in nanophotonics [29]. Similar to fibers,
a multimode waveguide can be used directly as a spectrometer, given that the modes
within elicit a wavelength-dependent response arising from the interference between di-
verse wavelengths. It has long been used in spectrometers [30-32]. Nevertheless, it is
necessary to elongate the optical path (OP) to achieve superior resolution, which conse-
quently amplifies the footprint of the device. This invariably impedes miniaturization,
rendering it a predominant limitation. To circumvent this challenge, several strategies have
been proposed.

A straightforward approach entails a waveguide array [33]. Schmid et al. [34] pre-
sented MCS constructed from an array of 50 waveguides, characterized by diminutive
waveguide apertures. This configuration constrained the dimensions of the device to
8 mm x 8 mm. Wijk et al. [35] integrated arrayed waveguides with a multi-input multi-
mode interference coupler to achieve an expansive bandwidth. In a similar vein, Zhang
et al. [36] introduced a scanning mechanism by using arrayed waveguides with a micro-ring
resonator. This innovation promises large bandwidth and high resolution, rendering it
apt for OCT applications. Successive research includes experiments with tandem arrayed
waveguide and micro-ring resonator configurations [37]. In [38], a tandem structure of a
ring resonator and arrayed waveguides is used, and the scheme is shown in Figure 2a. Ad-
ditional mechanisms have also been broached in a subsequent study [39], where 40 arrayed
waveguides are compactly combined to increase the resolution.

N=32 << bandwidth/resolution

SWFs

r
B Edge couplers ¢ ¢ 9 N

[ Incident spectrum

(b) wavelength

Taps

Power

Figure 2. Waveguide-based MCS. (a) Tandem structure of ring resonator and arrayed waveguides
(figure reprinted with permission from [38] © 2021 American Chemical Society). (b) Stratified
waveguide as an encoder for the input spectrum (figure reprinted with permission from [40] © 2021
Nature Publishing Group).
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An alternative strategy lies in coiling the waveguide to pack an extensive OP within
a compact footprint. Previously, this coil methodology has found applications in diverse
fields, notably sensing [41], and others [28,29]. Redding et al. [42] proposed a spiral
waveguide as a spectrum modulator. This innovative Archimedean coiling considerably
augmented the length of the OP. In addition to the spiral configuration, they utilized
evanescent coupling, which operates across a broad band, thereby enhancing resolution.
The challenge of mode mixing was mitigated through the speckle pattern generated via
evanescent coupling. Their innovation achieved a resolution of 10 pm at a wavelength of
1520 nm, all encapsulated within a device merely 250 um in radius.

Stratified waveguides have been utilized as broadband filters to establish the transfer
matrix [40]. Figure 2b shows the layout. Given that a waveguide is an adaptable 3D struc-
ture, its morphology can be tailored to exhibit varied responses to different wavelengths.
Therefore, crafting waveguides with distinct shapes emerges as a direct methodology for
constructing MCS. Li et al. [40] employed this architectural paradigm to create a stratified
array of filters. The design rationale for the structure centered on minimizing the correlation
of identical wavelengths across various filters. The chosen parameters were devised to be
compatible with optical lithography. Although certain ripples manifested on the device,
their impact remained relatively insignificant.

Further, the stratified structure can be repurposed as a switching network dedicated
to wavelength selection. Subsequently, the network channels the wavelengths to the
MMF to analyze each spectral range [43]. Venturing into the realm of diverse waveguide
architectures, Hornig et al. [44] harnessed a tapered hollow waveguide, leveraging its
dispersion to attain a high resolution of better than 10 pm. In a parallel endeavor, Civitci [45]
conceptualized adiabatically connected slab waveguides, employing the slab to mimic a
prism-like mechanism.

3.3. Random Structure

As mentioned above, a critical limiting factor for waveguide-based devices is the OP.
In addition to innovative waveguide designs, random nanostructures offer an interesting
alternative. By folding the OP, these nanostructures substantially increase the length of the
OP. Consequently, such random configurations can serve as modulators for light, primarily
since they expand the interior OP. In this context, spectral data are transmuted into a spatial
speckle pattern, permitting the differentiation of wavelengths with their respective patterns.
Calibration of the transfer matrix for such a random structure can provide a matrix of
random numbers, capturing the spectral-to-spatial transformation.

A noteworthy feature of random structures is their propensity for multiple scattering,
which elongates the OP across all wavelengths, thereby enhancing resolution [46]. As
presented in [46], an on-chip random structure was designed in which light experienced
random scattering upon entering the framework. Subsequent collection and direction to the
detector were facilitated using a full-band gap photonic crystal (PhC). This random medium
enhanced resolution, achieving 0.75 pm within a 1500 nm bandwidth while concurrently
shrinking the device footprint to a mere 25 um radius. However, a challenge arises due to
the potential for significant losses attributed to out-of-plane scattering within these random
structures. To overcome this challenge, the loss was carefully analyzed and reduced
by calculating the structural correlations inherent to the medium. The implementation
of an amorphous structure led to a boost in optical transmission, exceeding twice the
original capacity.

Randomized structures offer a novel paradigm in light modulation. However, their
utility has mostly been limited to the telecommunication spectrum due to the intrinsic trans-
parency parameters of silicon [47]. Addressing this spectral limitation demands innovative
methodologies. A promising solution was proposed by Hartmann et al. [47], who utilized
a silicon nitride (Si3Ny) substrate, celebrated for its broad transparency window. This appa-
ratus showcased operational capabilities ranging from the visible to the telecommunication
bands, with its resolution intricately linked to the mean free path [48].
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However, a notable drawback of these nanostructures is their increased sensitivity to
environmental conditions. To address this issue, Sun et al. [49] developed an advanced
system that incorporates a nano-void design to specifically reduce environmental sensitivity
in scattering phenomena. Furthering this innovation, Sun et al. [50] synergized random
structures with traditional waveguides, thus eliminating the requisite for conventional
power-splitting mechanisms, such as Y-junction trees.

Despite these advancements, there are still more challenges. A predominant issue is the
inherent variability in manufacturing these random structures, which directly impinges on
the resultant resolution. Recent research [51] has identified the existence of eigenchannels
within these configurations. Notable for their improved transmission efficiency compared
to alternative methods, these findings offer valuable insights for future nanostructure
design efforts. Instead of a stochastic design ethos, a more calculated, optimization-driven
approach may yield superior modulation architectures. A comprehensive examination of
these inverse nanostructure design intricacies will be conducted in subsequent discussions.

Beyond the realm of artificial random designs, natural structures are also inspirational.
An avant-garde illustration of this is proposed by Kwak et al. [52], who leveraged the
intrinsic structure of natural pearls to make a spectrometer. With a structure that combines
crystalline aragonite and organic macromolecules in a randomized, layered composition,
pearls serve as effective light-modulating agents. This bio-inspired modulation approach,
followed by traditional spectral reconstruction methodologies, accentuates the promising
horizon of employing inherently randomized, yet scalable, natural nanostructures.

3.4. Nanowire

Semiconductor nanowires, extending beyond their conventional applications, have
found utility as modulators, echoing the functionalities of waveguides [53]. The academic
foray into nanowires has primarily been enriched by the discipline of nanophotonics [54].
Contrary to the multi-dimensional structure inherent to waveguides, nanowires predomi-
nantly present a unidimensional architecture. An intriguing avenue explored within this
domain is material alloying, which facilitates the construction of multifarious filters. By
judiciously alloying diverse materials in varying proportions, an expansive and adaptive
scheme can be conceived. While alloyed thin films present significant challenges stem-
ming from intricacies in the fabrication processes [55], nanowires, whose manufacture is
comparatively facile, demonstrate greater promise [56].

In the study shown in [56], an array of nanowires is strategically positioned as a
modulator, interfacing directly with a sensor. A notable feature of this ensemble is the
compositional gradient present within each nanowire, as demonstrated via the CdS,Se;_,
formulation. Such compositional nuances bestow each nanowire with a distinct response
function. Light originating from free space undergoes modulation upon interaction with
nanowires. Upon data acquisition with the receiver, an adaptive regularization method-
ology is employed to reconstruct the spectrum. Achievements from this study indicate
an impressive resolution, reaching 15 nm or 10 nm using 30 or 38 nanowires, respectively,
centered around a wavelength of 570 nm. Furthermore, the apparatus showed its potential
in hyperspectral imaging and in situ examinations. With an ultra-compact design, the tech-
nology permits the integration of multiple such devices into an array, thereby facilitating
hyperspectral imaging with minimal spatial requirements. However, a challenge exists
because the response functions of different nanowires are similar to each other [17]. Such
similarities can inevitably circumscribe the attainable resolution.

The unique structure of nanowires makes them well-suited for easy combination with
sensors, a benefit effectively used in the research cited in [57]. Instead of using various
methods to mix different metals together, the scientists used the concept of structural
coloration [58]. Previous research has shown that changes in the diameter of the nanowires
can lead to shifts in the wavelengths they absorb [59]. Building on this knowledge, the
study deployed 24 pixels, wherein each pixel encompasses a periodic array of nanowires,
each differing in radius. Thus, each pixel exhibits a unique transmission function for
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the spectrum. This setup allows the sensor to directly collect color or light information,
eliminating the need for additional receiving devices. The design is shown in Figure 3b.
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Figure 3. Nanowire-based MCS. (a) Nanowire combined with detector (top) and one unit of nanowire
(bottom) (figure reprinted with permission from [57] © 2019 American Chemical Society); (b) super-
conducting nanowires as MCS (figure reprinted with permission from [58] © 2019 Nature Publish-
ing Group).

Recent progress in this area has shown that a single nanowire can be effectively used
as a tool to measure the spectrum of light. Zheng et al. [60] employed a compositionally
graded CdS,Sej_, nanowire, which functioned analogously to a monolithic spectrometer.
This arrangement was then used to measure light emission at a single point. Additionally,
superconducting nanowires have emerged as catalysts for photon-counting detectors,
showing great promise for spectrometer development. A notable endeavor by Cheng
et al. [61] entailed the crafting of MCS using superconducting nanowires. They used
dispersive grating along with single-photon counters. This system works from the visible to
the infrared. Subsequent advancements by Kong et al. [62] strategically avoided the optical
modulator, instead modulating the quantum efficiency of superconducting nanowires.
This configuration achieved a commendable resolution of better than 10 nm and the
capability for time-of-flight measurements. Complementing this, Zheng et al. [63] combined
metasurfaces with photon-counting detectors, establishing empirical feasibility.

3.5. Photonic Crystal

PhC stands as a pivotal component within nanophotonics and has been extensively
utilized in sensing applications [64]. Characterized by its periodic structure, a PhC modu-
lates photons akin to the manner in which a conventional crystal modulates electrons [64].
Available in varied dimensions—1D, 2D, and 3D—the properties of a PhC can be modified
by adjusting its structure and periodicity. This affords researchers a degree of flexibility in
designing devices tailored to specific requirements [64]. Through the strategic design of
PhC configurations, the creation of MCS becomes feasible [65].

Utilizing a PhC to construct a spectrometer involves employing the PhC slab as a light
modulator, with the subsequent output captured with a CCD. Pervez et al. [66] demon-
strated a device comprising a 3 x 3 grid of PhC slabs, wherein each cell exhibited distinct
patterns and periods, thereby inducing varying spectral responses. This configuration
decomposes the input spectrum using nine distinct response curves. Notably, the device
is both compact and cost-effective and can be adapted to various applications. However,
its resolution remains a limitation, approximately 40 nm within the visual range [67]. To
increase resolution, Gan et al. [67] employed a similar conceptual framework, leveraging
a high-quality factor semiconductor planar PhC as the modulator. This was strategically
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positioned atop a low-index waveguide composed of glass or polymer. Utilizing a gallium
phosphide planar PhC array and a polydimethylsiloxane waveguide, they significantly
enhanced the resolution to 0.3 nm at 840 nm.

The devices mentioned highlighted the potential of PhC as a spectrometer, but they
encounter challenges in efficiency given that photons distribute uniformly and only a
minimal fraction reaches the camera [68]. Meng et al. [68] advocated for a linear waveguide
to eliminate this concern. Such a waveguide, adept at directing photons toward matched
ports, augments device efficiency. Utilizing 24 PhCs, an efficiency of 6.36% was achieved,
with a resolution of 1 nm at 1527 nm within the 1520-1545 nm band.

Prevailing studies typically engage PhCs as bandpass filters, ensuring distinct peak
wavelengths for each PhC. However, innovations in CS and advanced manufacturing have
propelled design paradigms. Wang et al. [69] utilized 400 PhC slabs, each characterized
by unique patterns and periodicities. Consequently, the spectral response of each slab
varies, displaying relative randomness across wavelengths. As light traverses the slabs, the
outputs are recorded, with resolution contingent on the intricacy of response functions at
specific wavelength intervals. A resolution of 0.1 nm was achieved from the sharp spikes.
The design is shown in Figure 4a. Subsequent endeavors [70] led to the creation of an entire
PhC slab integrated with various lattices, attaining single-shot spectrum recovery. This
slab, encompassing a 6 x 6 PhC cell matrix, communicates its signals to a CCD, enabling
easy transformation into a hyperspectral imaging system. Enhancement prospects include
leveraging silicon nitride or silicon carbide, potentially yielding more intricate responses.
The scholars further established a compact, single-shot spectral sensor, harmonizing a
similar PhC device with complementary metal-oxide semiconductor (CMOS) technology.

An alternative approach entails the use of PhC nanobeams, mirroring methods seen
in arrayed and stratified waveguides. While nanobeam cavities are primarily 1D struc-
tures, they have robust light confinement capabilities, further reducing the device foot-
print [71-73]. Cheng et al. [74] integrated a nanobeam cavity array to computationally
reconstruct the spectrum, as illustrated in Figure 4b. Each nanobeam operates similar to
a bandpass filter. The device has a core length of 6 um and a spacing of 3 pm, making it
relatively small in size. Its design allows for easy scaling, and because there is a known
relationship between its operational frequency and its structural details, it is possible to
adapt the device for different wavelengths. Tests by the researchers showed that the device
works effectively in the 1310 nm, 1580 nm, and 2400 nm ranges. Later, Zhang et al. [74]
utilized a cascaded structure nanobeam to enhance resolution and bandwidth.
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Figure 4. PhC-based MCS. (a) PhC slab layout (top) with each unit having a different response
curve (right) and image for the device (bottom) (figure reprinted from [70] with permission © 2019
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Nature Publishing Group); (b) pipeline of using PhC nanobeam as a modulator to make MCS. The
device (top), transmission function (bottom), and algorithm (right) are shown here (figure reprinted
from [73] with permission © 2021 American Chemical Society).
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3.6. Quantum Dot

Quantum dots (QDs) are semiconductor nanocrystals characterized by their radii
being smaller than the bulk exciton Bohr radius. Such dimensions result in the quantum
confinement of electronic charges. Moreover, size variations in these QDs correspond to
changes in bandgap [48,49]. Given their capacity to act as modulators and their compatibil-
ity with CCDs, QDs show potential for the development of miniaturized spectrometers.
Bao et al. [75] pioneered this approach by employing QDs to construct spectrometers. They
fabricated a filter using an array of 95 colloidal QDs, each varying in size and composition.
The absorption properties of each QD were meticulously designed to evenly span the
390-690 nm wavelength range, with representative absorption profiles depicted below.
The QD array facilitated the creation of numerous filters, bolstering resolution capabilities.
The achieved resolution was 1 nm within their specified operational range, and the QDs
demonstrated prolonged stability.

However, the resolution detailed in [75] remained constrained. Addressing this
limitation, Zhu et al. [76] introduced perovskite QD films as alternative filters. With the
inherent benefits of high transmission and repeatability, an array of 361 perovskite QD films
was paired with a CCD to capture signals. This system encompassed a broad wavelength
range, spanning 200-1000 nm.

Extensions into the near-infrared spectrum have also been achieved. Specifically, Li
et al. [77] employed PbS and PbSe QDs to design a spectrometer operating within the
900-1700 nm wavelength range. Utilizing 195 QDs in conjunction with an InGaAs CMOS
camera, they reported a resolution of 6 nm. While echoing the principles of [75], this design
offered distinct advantages over prior near-infrared designs that employed narrowband
filters and gratings. Analyses indicated that no significant resolution enhancements were
observed beyond 180 QDs, leading to their choice of 195 QDs.

Several decoding methodologies designed for QDs have been introduced. For instance,
Zhang et al. [78] advocated for a specific machine learning approach to more efficiently
extract spectrum data from QD measurements. This integrated network, combined with
solvers, outperformed traditional optimization and regularization techniques. In a subse-
quent development, an autoencoder was utilized to mitigate noise during the reconstruction
phase [79]. Initial data denoising via the autoencoder were followed by reconstructions
through sparse algorithms.

However, as highlighted in [75], spectral responses across individual QDs often exhibit
similarities, which may complicate the generation of pronounced peaks. While enhancing
resolution and bandwidth through additional QDs is feasible, it simultaneously escalates
the footprint and cost of the device. Additionally, potential manufacturing errors and their
implications remain unaddressed [75]. Nevertheless, QD-based spectrometers stand out
due to their cost-effectiveness, adaptable spectral range, and compact design, positioning
them as potential contenders in industrial applications. Initiatives to commercialize QD-
based spectrometers are currently underway [80].

3.7. Metasurface

Extensive research on metasurfaces has been conducted, revealing their exceptional
potential for modulating light with increased degrees of freedom and tunability [81-83].
The wavelength sensitivity of metasurfaces has been recognized, leading to their integration
in MCS applications [84,85]. Furthermore, many metasurfaces employed in MCS are metal-
based, prompting a convergence of these two categories.

In the study [85], a metasurface array functions as a light encoder. This sensor com-
prises an array of distinct metasurface units. The unique periodic structure of each meta-
surface unit dictates its respective response function. Changes in these structures allow
for a variety of responses, making the device design more flexible. Light modulated with
these metasurface units is subsequently converged using microlenses and directed to an
image sensor, optimizing the signal capture on the sensor. The amalgamation of individual
metasurface units into larger supercells culminates in ultraspectral imaging capabilities.
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Additionally, these metasurfaces can be adjusted or reconfigured. In each larger unit,
or super cell, the arrangement of the smaller cells can be regularly changed to improve the
resolution for different settings. The resulting resolution is a notable 0.8 nm, and the small
size of the ultra-detailed camera highlights its effectiveness. These improvements show
that using metasurfaces in MCS designs is a practical choice.

Zhu et al. [86] harnessed metasurfaces to engineer dispersion, carefully controlling
phase, group delay, and group delay dispersion. This approach allowed for the correction
of aberrations in spectrometers, thereby eliminating the need for bulky optical components
and streamlining the system. Similarly, as shown in Figure 5a, Faraji-Dana et al. [87]
employed multiple metasurfaces to manipulate the OP and disperse light, resulting in a
considerable reduction in the size of traditional spectrometers. Their innovative design
achieved a resolution of approximately 1.2 nm within a size of merely 7 mm?. In another
study, Hu et al. [88] integrated metasurfaces with thin films. Meanwhile, Zhang proposed
a metalens design that enhanced beam focusing, collimation, and deflection for dispersive
on-chip spectrometers [89]. The structure is demonstrated in Figure 5b. However, though
metasurfaces have been extensively utilized in bulk-free space spectrometers, leading to
improved resolution and compactness, they are still major free-space devices and have yet
to achieve high miniaturization [90].

/Gold mirrors ~

Metasurface 1

o
©
o
s

£
>
?

B
o

=

Intensity (a.u.)
P—
e

14
dob AL

Wavelength (nm)

Detector Metasurface n

array

(a) (b)

Figure 5. Metasurface-based MCS. (a) Folded metasurfaces for dispersive MCS (reprinted with
permission from [87] © 2018 Nature Publishing Group); (b) folded digital metalens for MCS. Five
metalenses are shown here, with exemplary designed structure and result spectrum (right) (reprinted

with permission from [89] © 2023 American Chemical Society).

Certain metasurfaces capitalize on the plasmonic effect. The plasmonic effects of
metals can also serve as light encoders. When light interacts with a metal modulator,
photons engage with plasmons, resulting in encoding. A practical demonstration of this
concept is outlined in a study [91], wherein gold cells were deployed on a silicon substrate.
Each cell housed smaller metal units with varied periods. These variations produced
distinct response functions due to differentiated plasmonic effects, which in turn functioned
as modulators.

3.8. Inverse Design of Encoder

Inverse design has emerged as a prominent approach in nanophotonics [92]. While
its applications span various areas, the method has demonstrated significant potential for
enhancing device performance. Notably, this strategy has potential applications in design-
ing encoders for MCS. As previously highlighted, random structures can be employed as
encoders; however, the efficiency and resolution may vary considerably across different
random structures. Consequently, a designed structure may yield better outcomes and
stability. However, because of the high complexity of the various degrees of freedom for
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design, direct system design becomes challenging. In this context, inverse design offers a
promising solution to derive these structures.

Liu et al. [48] conducted an optimization of a random structure, building on the
observation that certain “open channels” exist for each structure. This means that light
transmission within nanostructures correlates with their wavefront. Leveraging this in-
sight, they designed and optimized transmission efficiency for nanostructures. Similarly,
Hadibrata et al. [93] adopted an optimization approach on a random structure, resulting in
improved resolution and a reduced device size.

In recent developments, machine learning has been integrated into inverse design
strategies [94]. Given that the design of nanophotonic encoders may encompass a vast
array of parameters, machine learning is particularly suited to address this challenge due
to its robust data processing capabilities. This fusion of machine learning heralds a new
frontier in design methodologies. Specifically, encoder designs for MCS driven by machine
learning have been explored.

In a study [95], researchers employed a generative adversarial network (GAN) to
train and formulate the structure of nanostructures. The initial datasets were composed
of simulated and fabricated structures with their respective transmission functions. The
GAN was utilized to generate and validate individual new structures, from which the
optimal one was selected for fabrication and use as an encoder. This workflow is depicted
in Figure 6.
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Figure 6. MCS based on inverse design (figure reprinted with permission from [95] © 2022 Elsevier).

Similarly, Zhang et al. [12] adopted a comparable approach in designing encoders,
with their focus centered on metasurfaces and thin films [96]. The nanophotonic encoder
was conceived using parameters derived from the algorithmic encoder while retaining
the decoder. Using these encoder parameters, various metasurfaces were designed. As a
result of this methodology, they achieved superior accuracy and a thirty-fold increase in
manufacturing tolerance, which is another important factor to note in the design.

3.9. Tunable Devices

In addition to the spatial multiplexing devices previously discussed, which often
incorporate multiple detectors, temporal multiplexing offers another viable approach.
Temporal multiplexing refers to devices that can be set to different configurations and then
used to encode information for spectrometers. One of the most representative setups is
the FTS, which can be implemented using different tuning methods. Conventional tuning
mechanisms primarily encompass microelectromechanical systems (MEMS) and thermal
tuning. However, recent advancements have introduced alternative tuning methods, such
as liquid crystals and some innovative materials. According to the model presented in
Section 2, as long as the device is tunable, we can form a transmission matrix A and perform
computational recovery. FIS is an example using a Fourier matrix as the transmission
matrix. But a number of modern, tunable MCS designs tend to conform to the principles of
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FTS. So, we first discuss the theory of FTS before discussing the tuning mechanisms used
in MCS.

3.9.1. Fourier Transform Spectrometer

The FTS is foundational in the history of computational spectrometry. Although the
concept of MCS had yet to be formulated during its advent, the principles of FTS conform
aptly to the modern criteria of MCS. In its nascent stages, FTS was conceptualized as an
expansive system leveraging the MZI to manipulate phase differences, thus producing
interference patterns. This process employs the tuning of OP, as illustrated in Figure 7.
Intrinsically, the transmission matrix of an FTS aligns with a Fourier matrix, and the act
of matrix multiplication simulates the execution of a Fourier transform. Consequently, an
inverse Fourier transform facilitates the derivation of the spectrum.
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Figure 7. Principle of traditional FTS.

The drive toward the miniaturization of FTS has been a significant research en-
deavor [97-103]. The primary strategy revolves around modulating the phase difference
between light beams. An intuitive mechanism involves utilizing an MZI array where each
individual MZI imparts a phase shift, serving as a discrete measurement point [103]. Such
MZI array methodologies have later been instantiated through architectures like coiled
spiral waveguides [104], advancements in sub-wavelength engineering [105], and the uti-
lization of speckle dynamics [106]. However, these techniques inherently follow a spatial
multiplexing paradigm, resulting in an extensive footprint. As alluded to previously, a
more preferable way of implementing FTS is through the integration of tunable mecha-
nisms, as evidenced by propositions of thermally modulated FTS designs [107]. Examples
are shown for each of the tuning methods mentioned below.

A distinct advantage of FTS is its augmented SNR, a merit attributed to its elevated
throughput, colloquially termed Fellgett’s advantage [108]. Nevertheless, FTS presents a
one-to-one correlation between measurements and spectral points, negating the advan-
tages of compression. Parallelly, akin to the earlier-addressed waveguide-based MCS, the
resolution determinant in an FTS is the maximal OP differential between the bifurcated
light beams, a parameter that might pose challenges in extensive scaling.

FTS continues to dominate the discourse on the design of miniaturized spectrometers.
The foundational principles of FTS have been harmonized with contemporary learning-
based algorithms [109] and diverse material classes [99]. A number of new, inspiring
designs have been proposed [110]. The academic community has offered a plethora of
design methodologies, with exhaustive reviews such as [111,112] providing holistic per-
spectives. Given the extensiveness of these sources, this discourse abstains from further
elaboration on the subject.
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3.9.2. Microelectromechanical Systems

MEMS technology stands as a pivotal method to mechanically tune devices, leading
to discernible changes in their properties with a vast degree of freedom [113]. Renowned
for its ability to modify device attributes, MEMS has been extensively implemented in
applications like phase shifters [114], PhCs [115], and phase arrays [116].

Its potential has been explored in MCS as well [117-121]. Fathy et al. [122] utilized
a MEMS actuator to actuate a micromirror, realizing an FTS scheme at the chip scale
(Figure 8a). Similarly, Omran et al. [123] introduced an MZI strategy for MCS, leveraging
an electrostatically actuated MEMS device. Beyond electrostatic actuation, MEMS devices
can also be powered via electromagnetic [124] and electrothermal methods [125]. Non-FTS
encoding can also be implemented. Qiao et al. [126] employed a MEMS device to adjust the
vertical separation (Figure 8b), thereby altering the coupling between two strip waveguides.
By varying the voltage applied to the MEMS device, different distances and subsequently
different couplings are achieved. Each specific position can function as an encoder, with
the encoding matrix derived through calibration using a tunable laser source.
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Figure 8. MEMS-based MCS. (a) MEMS used for an FTS. The actuator is used to move the mirror to
create phase change (figure reprinted with permission from [122] © 2020 Nature Publishing Group);
(b) MEMS device used to change directional coupling between waveguides (figure reprinted with
permission from [126] © 2022 American Chemical Society).

While MEMS devices are good at handling many measurements in a small space, they
face issues with consistency [127]. Positional accuracy may not be consistent, which can
alter the transmission matrix, thereby introducing spectral inaccuracies.

3.9.3. Thermal Tuning

Thermal tuning is also an important way to adjust devices. Specifically, materials like
silicon show evident changes in how they modulate light when their temperature changes.
By modifying the temperature, the desired light modulation can be achieved.

An FTS can be directly implemented by tuning the heat. In [6], an FTS is implemented
using two arms of waveguides. The characteristics of both arms can be tuned thermally, and
thus different Ops are attained. The detector records the interferogram, and the spectrum
is recovered via inverse Fourier transform. The process is shown in Figure 9a. Thermal
tuning remains a major tuning method in FTS [128].

Other than direct FTS implementation, a commonly used device is the resonator [107],
for which the transmission peak changes with heat. In [129], a ring resonator is combined
with a subsequent MZI structure. Two heaters are embedded within the ring resonator and
MZI, which enable two tuning degrees of freedom. With the help of the two heat tuners, the
spectrum can be sampled with different transmission functions. Similarly, Sun et al. [108]
showcased an on-chip spectrometer built on a double-side-coupled grating-assisted Fabry-
Pérot array [80] utilized as unit cells. They designed arrays with both 5- and 7-unit cells,



Sensors 2023, 23, 8768

15 of 30

each operating within distinct spectral bands. Subsequent thermal tuning was applied to
each unit, aiming to adjust the resonant wavelength. Through a combination of thermal
tuning and cascading techniques, the device achieved impressive resolutions of better than
0.43 nm and 0.51 nm, covering spectral bandwidths of 73.2 nm and 102.7 nm for the 5- and
7-unit configurations, respectively. Visualizations of both designs are shown in Figure 9b,c.
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Figure 9. Thermal-tuning-based MCS. (a) An implementation of FTS using heaters to thermally
create phase change for the FTS in [6] (figure reprinted with permission from [6] © 2018 Nature
Publishing Group); (b) thermal-tuning-based ring resonator and FTS for MCS. Heater 1 changes the
configuration of the microring resonator, and heater 2 changes the configuration of the waveguide to
create phase change (figure reprinted with permission from [108] © 2022 American Chemical Society);
and (c) integrated array of narrowband thermally tunable filters (figure reprinted with permission
from [129] © 2019 Nature Publishing Group).

A large-scale tuning network structure has also been studied. Yao et al. [130] used
a mesh of thermally tuning MZIs and pushed the resolution to 20 pm with a bandwidth
of 115 nm. Also, Xu et al. [131] used an array of thermally tunable cavities formed by
waveguides. Each channel generates a distinct speckle, and with the help of tuning, the
usable channel number is high, which pushed the resolution to 5 pm with more than
2 x 10* channels.

3.9.4. Other Tuning Methods

Besides MEMS and thermal tuning, many other tuning mechanisms can also be studied
and applied [132-134]. Ni et al. [135] introduced a device employing tunable liquid crystals
to encode light, facilitating the concurrent retrieval of both the spectrum and polarization
state. As shown in Figure 10a, their design incorporates a 1D grating structure, infused
with liquid crystal, and capped with a transparent indium-tin-oxide (ITO) electrode. With
varying voltages, the liquid crystal undergoes rotation, resulting in shifts in the response
curve. Aimed at supporting multiple high-Q resonances, the sensitivity of the device to
both polarization and spectrum permits the extraction of both sets of information following
an optimization process.

Meanwhile, Yuan et al. [136] suggested employing black phosphorus (BP) as a light
encoder and integrating a spectral learning process to reconstruct the spectrum. The pro-
nounced photoresponse and Stark effect [137] of BP are optimized in a device amalgamated
with a graphene top gate [138] and trap-free hexagonal boron nitride (hBN). Remarkably
diminutive in scale—approximately in wavelength dimensions—the design of the device
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takes the diffraction of light into account, potentially situating it among the most compact
spectral sensing instruments. By modulating the voltage, the inherent biasing displacement
field of the device undergoes changes, subsequently altering its spectral response. This
response function of the device is obtained by utilizing a tunable blackbody radiation source,
eliminating the need for optical components like lenses and gratings. Impressively, the device
operates within a 2-9 pm wavelength range, maintaining a compact size of just 9 x 16 pm?.
Such minuscule devices, when arrayed, pave the way for hyperspectral imaging.
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Figure 10. Other tuning methods for MCS. (a) A unit of tunable liquid crystal (figure reprinted with
permission from [135] © 2022 Springer); (b) pipeline for single-dot perovskite MCS (figure reprinted
with permission from [139] © 2022 Wiley).

Yoon et al. [140] employed a tunable van der Waals (vdW) junction in the construction
of a spectrometer. The hallmark feature of these electrically tunable vdW junctions is their
controllable interlayer transport [141]. Such electrically modifiable transport facilitates
the alteration of spectral response, showcasing remarkable sensitivity across an expansive
spectral domain. A MoS,/WSe, heterojunction, efficient across the visible to infrared
spectrum, served as their junction of choice [142]. After the calibration of the spectral
response curve, the captured spectrum is reconstructed through the application of convex
optimization and regularization techniques. The heightened sensitivity of the spectral
response curve allowed for impressive specifications, achieving a resolution nearing ~3 nm
within a spectral range of ~405 to 845 nm.

Moreover, perovskite has also been explored as a medium for spectrometers. The
hybrid organic-inorganic perovskite is renowned for its elevated carrier mobility and its
tunability [143]. Guo et al. [139] implemented a perovskite layer, with its state controlled via
a bias voltage, to engender multiple spectral responses. Their innovative in situ modulation
approach permitted a significant reduction in device size. Its illustration can be found in
Figure 10b. In a parallel development, Sun et al. [90] harnessed electron donor controls
to achieve a more rapid response coupled with enhanced resolution. Meanwhile, Zhang
et al. [144] put forward the idea of using a bandgap-gradient perovskite in conjunction
with spectrum projection for color sensing applications.

The various types of encoders have been discussed extensively in the previous sections,
with their advantages and disadvantages highlighted. Table 1 briefly compares the different
encoders used in MCS.

Table 1. Comparison of different encoders.

Encoder Typical Resolution Typical Footprint Advantages Shortcomings
Fiber <1 pm [27] cm scale Low COSt'. high .L.O w-lfevell
resolution miniaturization
. Low cost, structure Relatively larger
2 , y larg
Waveguides <10 pm [42] 35 x 260 um= [42] variability footprint

Random structure

<0.75 pm [46]

25 um radius [46]

High resolution,
smaller footprint

Large loss for
scattering, structure
uncertainty
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Table 1. Cont.

Encoder Typical Resolution Typical Footprint Advantages Shortcomings
Very small size, easy to Relatively lower
: 2 y , €asy y
Nanowires <10 nm [56] 0.5 x 75 um= [56] combine with CCD resolution
High resolution, cost Manufacture error
PhC <0.1 nm [64] 0.6 x 114 um? [64] & . § sensitivity, larger
effectiveness :
footprint
. . . Similar responses
cm scale, compatible Easy to combine with .
Qb <Inm [75] with CCD CCD, small footprint func't ion for Q.DS
restrict resolution
cm scale, compatible Large design freedom, Relatively lower
Meta-surfaces <08 nm [85] with CCD structure variability resolution
Environment
. High resolution, small sensitivity, more
2 & / 3
Tunable devices <5 pm [131] 16 X 9 um= [136] footprint sophisticated
manufacturing
4. Decoder

In computational spectrometers, the number of measurements is less than the number
of data points recovered. Thus, it is an ill-posed problem, and the transmission matrix
has more columns than rows. To retrieve the original spectrum, multiple computational
recovery methods have been experimented with.

4.1. Singular Value Decomposition

SVD s used to factorize a non-square matrix to obtain the singular values. A number of
previous research studies have used this method to recover spectrums from measurements.
A matrix of size mn can be decomposed as follows:

Mipxn = umxmzmxn Vn*xn @)

where Uy is the left square matrix, and Vj,«, is the right square matrix. The * stands for
the Hermitian transpose of V. As all the values in the spectrum are positive and real,
we can use the transpose of Vj; .

The inversion of the original matrix M;,x, can be derived using the inversion of each
of the decomposed matrices. As both Uy« and V), ,, are square orthogonal matrices, a
direct inversion can be carried out. ), ., is a diagonal matrix containing only the singular
values and with zeros as the non-diagonal values. Thus, the inversion of } ., can be
constructed as the inversion of each of the values on the diagonal. The inversion of M,
can be written as follows:

.
M = Visn Yy U (6)
where M?

! . stands for the pseudo-inversion of My, and Y11, is essentially the element-
wise inverse of }_,,..,,. Thus, we have an approximation of the inversion of the matrix,
which we can pseudo-inverse. Thus, the spectrum can be obtained via inversion. This
method has proved successful in various setups.

The singular values are ordered by magnitude in matrix )_,,.,, and while larger
singular values stand for major modes in the original signal, smaller ones usually contain
a major amount of noise. By only selecting the large singular values and writing off the
smaller ones, the noise can be suppressed to enhance the accuracy of the reconstruction.
This “truncation” method is widely used in many cases and allows for improved accuracy
and speed [145-147]. The optimal truncation has also been analyzed [147,148], guiding the
selection of singular values.
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4.2. Convex Optimization

While SVD works well in many systems [96], convex optimization is more commonly
used in CS problems [149]. A convex optimization problem is formed as follows:

X = min||Y — Ax|}? %)
X

where X is the estimated spectrum, Y is the measurement, and A is the transmission
matrix. Typically, A is obtained from calibration. By minimizing the gap between the
actual measurement and the supposed measurement, the spectrum can be obtained. As
mentioned before, CS theory has proven that the signal can be mostly retrieved using a
sampling ratio lower than the Nyquist sampling rate with convex optimization. Thus,
convex optimization is now the most commonly used method. Many mature algorithms
can be applied to find the optimal value of these convex problems, including the Newton
conjugate gradient, the Broyden-Fletcher-Goldfarb—Shanno algorithm, sequential least
squares programming algorithms, etc. Different algorithms vary in speed and accuracy,
and they should be chosen based on the different problem settings. The implementation
of these algorithms is also easy with the help of available optimization toolboxes such as
SciPy [150].

4.3. Regularization

Convex optimizations consider the problem purely mathematical, and the spectrum
recovery problem has its own internal structure, including the fact that the spectrum is
often smooth and sparse. Thus, coupling prior knowledge can often help the optimization
converge to a better minimum and/or make the process faster. Typical regularizations
include the L1 norm, the L2 norm, and some specifically designed priors.

Adding the L1 norm, or Lasso norm, encourages sparsity as it pushes all the values
of the target values to zeros. An L1 norm optimization problem can be mathematically
written as follows:

X = min||Y — Ax]|[* + 9 x]] 8)

This introduces a new hyperparameter of d to control the importance of the sparsity,
and tuning the parameter often results in a change in the minimum. The parameter can be
empirically tuned based on different systems.

The sparse nature of spectrums has already been proposed and studied. In [151],
Oliver et al. showed that the resolution can be improved hugely beyond the limitation of
the number of filters. Through experiments, they have shown that the L1 norm is proper
prior to being applied in the reconstruction of the spectrum. The study is moving forward to
a deeper understanding of the nature of spectrums, and CS theory boosts the development
of filter-based spectrometers.

On the other hand, adding the L2 norm, or namely, the Tikhonov norm, encourages
the smoothness of the target value as follows:

X = min||Y — Ax|* + | x| ©

Similar to the L1 norm, the L2 norm also introduces a hyperparameter § that can be
tuned based on different evidence from the system. The L2 norm naturally encourages the
recovered result to be smooth, which caters to the fact that most spectrums are often smooth.

The advantages of both norms can be combined by using the weighted sum of both,
termed elastic net regularization, as it behaves like an elastic net. This can be written
as follows:

X = min[Y — Ax|> + | |x]| + Bl x| (10)

The elastic net methodology, although designed to combine the advantages of both
L1 and L2 norms, introduces two additional hyperparameters. This expansion in the
hyperparameter space not only amplifies the complexity of parameter tuning but can
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also induce instability in locating the optimum value. Nevertheless, both L1 and L2
regularizations are extensively employed in various contexts and have led to significant
enhancements in numerous scenarios.

Beyond the widely acknowledged properties of spectrums being both sparse and
smooth, certain intricate characteristics are also employed to instill a more nuanced prior.
The work in [56] leveraged a Gaussian basis, predicated on the premise that the image
point embodies a Gaussian configuration. Initially, these points are transformed into the
Gaussian basis. The ensuing optimization is executed within this Gaussian basis before the
final results are reverted to the original space.

It is vital to note that hyperparameters typically exhibit a dependency unique to each
system. Modulating these parameters can profoundly influence the eventual outcome.
Techniques such as the L-curve and generalized cross validation (GCV) offer avenues
for hyperparameter tuning. While the L-curve is primarily geared toward enhancing
the performance of the current dataset, GCV is oriented toward optimizing unseen data
samples. Additionally, it is pertinent to highlight that SVD is mathematically congruent to
convex optimization with regularization.

4.4. Dictionary Learning

The sparsity of the signal is a widely used regularization and achieves a large improve-
ment in the result. But some of the spectrums are not naturally sparse, which violates the
prior. To find a basis that can mostly sparsely represent the original signal, multiple bases
are proposed, such as the Gaussian [152], Lorentzian, and secant hyperbolic basis [151].
However, these designed kernels have limited ability to find the optimal sparse represen-
tation. Dictionary learning has been applied in image and signal processing since it was
proposed [153-156]. The basic idea of dictionary learning is to learn the matrix composed
of the major modes of the collected data, which is to find a certain set of bases that best
sparsely represents the distribution of data [157].

Zhang et al. [158] proposed to use dictionary learning in the recovery of MCS. They
formulated the problem as a minimization in a new dimension:

min [|x]}; (1)

Subject to || ADx —yl, < €

where x is the spectrum to be recovered, y is the measurements, A is the transmission
matrix, and O is the sparse basis transformation. & is derived by collecting a dataset and
then learning from the dataset using an optimization scheme. The optimization problem is
solved in two steps, as there are two unknown variables:

in||T — @D||? 12
min|| Iz (12)

Subject to ||dillo < T (i=1,2,3,...,p)

where T is the training set, and D is the sparse representation matrix. T is the con-
straint on sparsity for each element d; in matrix D. The Frobenius norm is defined as
HAH% = trance(AT A). As this optimization has two target variables, the optimization is
carried out in two steps:

1.  Sparse approximation: the dictionary J is kept and optimizes the sparse representa-
tion D;

2. Dictionary update: the dictionary & is updated after getting the sparse representation.
They showed a result that surpasses the Gaussian basis, and it coincides well with

the ground truth. Besides the dictionary learning method mentioned, a few variants of

dictionary learning are also proposed, such as task-driven [159], Bayesian-based [160], and

kernel-based learning [161].
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4.5. Deep Learning

In many MCS, the transmission matrix is typically derived through calibration. The pre-
vailing methodology leans toward CS, wherein the number of measurements is fewer than
the recoverable data points. A notable challenge is the potential inaccuracy of the calibration
matrix in representing the system configuration, primarily due to noise perturbations.

Deep learning (DL), as shown in [162], has garnered immense attention in arenas
such as image processing [163,164] and pattern recognition [165,166]. Contrary to linear
algorithms, DL is adept at modeling intricate non-linear systems. Through meticulous
training, it discerns an optimal basis within this non-linear domain, thereby facilitating
efficient signal representation and enhancement in resolution. For instance, Kim et al. [167]
utilized the UNet model [168] for signal recovery in multi-thin-film measurements, ef-
fectively capturing multiple peaks and broadband spectrums. Chatzidakis et al. [169]
innovated DL methodologies to rectify calibration drifts in MCS systems over long dura-
tions. Such incorporation of DL into inverse design is fundamental, signaling a shift toward
a decoder-centric paradigm [95,170]. Furthermore, its prowess extends to spectral analysis,
as exemplified by Said et al. [171], who employed DL to analyze spectra from milk samples,
gleaning vital information about its constituents.

The superiority of DL is particularly pronounced in hyperspectral imaging, which
is tasked with reconstructing compressed spatial and spectral data. Given the large di-
mensions of hyperspectral datacubes, conventional approaches like convex optimization
can be either inefficient or computationally burdensome. DL, in contrast, adeptly mod-
els such domains and imbibes potent priors during training [172] to bolster resolution.
Yet, its adoption for spectrum recovery remains nascent, with a predominant reliance on
optimization methods.

Nonetheless, the inherent merits of convex optimization techniques, particularly their
independence from extensive datasets, remain irrefutable. As highlighted in [173], evolving
MCS systems over time may render the collection of vast datasets neither practical nor cost-
effective. Conversely, optimization methods exhibit higher adaptability to system changes.
An emergent trend involves amalgamating the data-neutral characteristics of optimization
with the robust priors extracted from datasets. Leading strategies in this context encompass
plug-and-play (PnP) [174-176] and untrained neural networks [151,152]. Conventionally,
PnP techniques harness priors from datasets and weave them into optimization algorithms,
similar to attributes like smoothness or sparsity. Such data-sourced priors have shown effi-
cacy in varied applications, including denoising [177,178] and hyperspectral imaging [179].
Meanwhile, untrained neural networks, devoid of prior learning, are instrumental in matrix
inversion. Leveraging their intrinsic capability in feature extraction, they frequently surpass
many direct optimization methodologies.

5. Applications

While traditional bulky spectrometers have been developed as products and have
found important applications in biosensing and consumer devices, MCS, because of its low
cost, high resolution, and small footprint, will not only enhance traditional applications
but also bring about new applications. Some of the major applications that MCS can be
applied to are highlighted.

5.1. Industrial Applications
5.1.1. Biosensing

Biosensing primarily refers to the sensing of molecules. As the absorption peaks
of different types of molecules differ, the spectral footprint of molecules is one of the
fundamental features for identification and analysis. The application of biosensing can be
found in atoms, molecules, and at larger scales. MCS can serve as an important alternative
in many areas because of its low cost and high resolution.

Bryan et al. [180] developed a silicon nitride microring resonator-based chip-wise
spectrometer for biosensing. They tested it with a sucrose solution for bulk sensing and
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C-reactive protein. Guo et al. [181] developed an MCS based on plasmon PhC and tested it
with a bovine serum albumin (BSA) protein layer and observed a resonance spectra shift
caused by the BSA. More promising results [180,182-185] show the feasibility of biosensing
with MCS. Also, MCS can be used to help with the design of other biosensors [186].

Spectrometers are widely used in medical analysis. While traditional tests with
spectrometers are bulky and expensive, low-cost in situ diagnostics can be possible with
the help of MCS. MCS have been demonstrated to help diagnose skin cancer [187] and
conduct general health tests [187-189]. With the help of wearable MCS, personalized and
preventive medicine can be developed [190].

5.1.2. Chemical Sensing

Besides biosensing, MCS are vital in sensing chemicals, which turns out to be effective
in multiple areas, including food safety, agriculture, and gas sensing. Optical spectrums
have long been serving as an important indicator of the safety status of food. MCS enable
quality checks to be much more accessible and affordable. Labaj et al. [191] developed a
miniaturized mid-IR spectrometer to detect environmental changes. Additionally, MCS
have found wide applications in various categories of food, including milk [192], meat [193],
fish [194], etc.

Just like traditional spectrometers, MCS can be applied to agriculture. Bulky spec-
trometers have previously found a number of applications, including crop growth monitor-
ing [195], plant vitality analysis [196], chlorophyll monitoring [197], and disease classifica-
tion [198]. The use of MCS in agriculture has been proven recently. Shen et al. [199] used
MCS to monitor the health status of soil. Kosmowski et al. [200] used MCS to identify culti-
vars and analyzed the data using machine learning. Franceschelli et al. [201] demonstrated
the measurement of soil moisture. These experiments show the feasibility of applying MCS
in agriculture and also indicate future development.

Gas sensing is another area where MCS can be applied. Gas analysis with a spec-
trometer has been demonstrated previously in a number of experiments [202]. Extensive
research has been conducted on MCS-based gas sensing devices. In [203], Mannila et al.
developed a cell-phone-based MCS sensor that can be used to detect carbon dioxide (CO,).
Also, Erfan et al. [204] developed a MEMS-based MCS specifically for gas sensing in the
1300-1500 nm wavelength range, capable of detecting acetylene (CoH;), water vapor (H,O),
and CO,. Muhiyudin et al. [205] developed MCS multi-gas sensing device with low power
consumption. The sensor can be used to sense CO,, carbon monoxide, nitrous oxide,
sulphur dioxide, ammonia, and methane. Similarly, gas sensing frameworks [206,207] have
been proposed with enhanced performance.

5.2. Consumer Devices

MCS, due to their miniature size, low cost, and high resolution, can be another sensor
equipped into consumer devices such as smartphones, watches, and other wearable devices.
Spectroscopy on a cell phone has been previously demonstrated in the visible [208], near-
infrared [209], and Raman [210]. Equipping smartphones with MCS allows users to capture
spectral data easily, which can breed a number of new applications. Wearable devices can
also benefit from MCS, as this adds a new degree of data collection, and the concept has
been shown by researchers [173,189,211].

The aforementioned applications predominantly entail the substitution of conventional
spectrometer techniques with considerably more affordable and attainable MCS. Numerous
additional applications exist, although unaddressed within the scope of this discussion.
The prospective market size for MCS is projected at approximately 900 million dollars [210].
As applications expand across various domains, it is anticipated that more and more will
benefit from MCS.
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6. Conclusions and Outlook

In this paper, we have surveyed the evolution of MCS, which leverages advancements
in nanophotonics technology and computational methods. In contrast to traditional, bulkier
spectrometers, MCS represent a significant leap in miniaturization while retaining high per-
formance. The majority of current computational methods operate within the framework of
CS theory, employing convex optimization techniques for the reconstruction of the original
spectral signal. Consequently, our review primarily focuses on the design of nanophotonic
devices, where most of the novel innovations are taking place. Our examination spans a
range of technologies, from conventional waveguides to cutting-edge metasurfaces and
innovative new materials. In conclusion, the advancement of MCS has garnered extensive
research and has progressed swiftly. The performance of MCS has significantly improved,
leading to numerous proficient applications. With further research, its performance and the
breadth of applications will assuredly augment, contributing substantial value to the field.

Despite considerable progress in the field of MCS, several limitations remain unre-
solved. A primary issue concerns the trade-off between device footprint, bandwidth, and
resolution. The physical size of the device limits the number of sensor units that can be
incorporated, thus restricting the volume of data points that can be collected. The ensuing
question is whether to allocate these data points over a wide frequency range to achieve
broad bandwidth or to concentrate them within a narrow range for higher resolution. This
essentially limits the information rate of the system.

In order to solve this problem, there are two immediate avenues for improvement.
The first involves increasing the number of data points collected within a defined footprint,
thereby enhancing the resolution and bandwidth of the device without having to physically
enlarge the device. The second focuses on improving data representation efficiency so
that the collected data are more meaningful and informative, thereby allowing for more
accurate spectral reconstruction. Several potential methods are described below.

Tunable devices: Different from space-multiplexing, tunable devices multiplex in
the time domain. This can largely improve data collection within the same footprint. As
presented in the paper, MEMS, thermal tuning, and other tuning methods for multiple new
materials have shown great potential for improved performance. There has been intensive
research into exploring the usage of tunable mechanisms, and it remains a promising
direction. However, the introduction of a tunable mechanism also brings about more
concerns about the robustness of the system and may also increase the cost.

Cascaded devices: Cascading different devices can lead to a multiplication of different
transfer functions, which may greatly improve the design freedom of the encoder in the
system. Also, it may alleviate the problem of neighboring wavelengths having similar
transmission functions and thus better differentiate wavelengths. Cascading different
devices, especially tunable devices, may allow the system to function much better than
their original devices. The combination of different devices with different characteristics,
for example, FTS and ring resonators [95], may lead to a new level of performance.

Advanced learning methods: The algorithms used in MCS are dominated by CS
theory, which is mostly based on the sparsity of the spectrum. But the convex optimization
method used in CS may not be able to properly handle non-linearity in the problem. As
mentioned previously, DL-based designs have recently emerged in spectral information
acquisition, but most of them are used in hyperspectral imaging systems. One consideration
might be the lack of a dataset for training, which remains a major issue. Another way is
to generate new structures based on generative learning methods. Compared to random
structures, which have already brought about many advantages, designing the structure of
nanophotonic encoders using DL may better utilize the many degrees of freedom of the
device, which contributes greatly to its performance.

In addition to enhancing performance, exploring new applications represents a promis-
ing direction in research. MCS systems not only exhibit performance comparable to
traditional spectrometers, but they also have the advantage of being miniaturized and cost-
effective. Beyond the conventional applications previously discussed, MCS have emerged
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in innovative application scenarios, including robotics and the Internet of Things (IoT). It is
anticipated that the development and application of MCS will continue to flourish with
increasing research efforts.

Author Contributions: Conceptualization, Q.G. and G.Z.; writing—original draft preparation, Q.G.;
writing—review and editing, G.Z., Z.H.L. and Q.G,; visualization, Q.G., H.S. and ] X.Y.C.; supervision,
G.Z. All authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by the Singapore Ministry of Education (project ID: MOE-000399-00).

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Schliesser, A.; Brehm, M.; Keilmann, F; van der Weide, D.W. Frequency-Comb Infrared Spectrometer for Rapid, Remote Chemical
Sensing. Opt. Express 2005, 13, 9029-9038. [CrossRef] [PubMed]

2. Szkoda,].; Zmudzki, J. Determination of Lead and Cadmium in Biological Material by Graphite Furnace Atomic Absorption
Spectrometry Method. Bull. Vet. Inst. Pulawy 2005, 49, 89-92.

3. Ozbek, N.; Akman, S. Determination of Fluorine in Turkish Wines by Molecular Absorbance of CaF Using a High Resolution
Continuum Source Atomic Absorption Spectrometer. LWT-Food Sci. Technol. 2015, 61, 112-116. [CrossRef]

4. Szakova, J.; Kolihova, D.; Miholovd, D.; Mader, P. Single-Purpose Atomic Absorption Spectrometer AMA-254 for Mercury
Determination and Its Performance in Analysis of Agricultural and Environmental Materials. Chem. Pap. 2004, 58, 311-315.
[CrossRef]

5. Fara, P. Newton Shows the Light: A Commentary on Newton (1672) ‘A Letter ... Containing His New Theory about Light and
Colours. ... Philos. Trans. R. Soc. Math. Phys. Eng. Sci. 2015, 373, 20140213. [CrossRef]

6. Souza, M.C.M.M.; Grieco, A.; Frateschi, N.C.; Fainman, Y. Fourier Transform Spectrometer on Silicon with Thermo-Optic
Non-Linearity and Dispersion Correction. Nat. Commun. 2018, 9, 665. [CrossRef]

7. Lim, Z.H; Qi, Y,; Zhou, G.; Senthil Kumar, A.; Lee, C.; Zhou, G. Cascaded, Self-Calibrated, Single-Pixel Mid-Infrared Hadamard
Transform Spectrometer. Opt. Express 2021, 29, 34600. [CrossRef]

8. Zou,J,; Li, L; Wang, C.; Zhuang, Y.; Wang, X.; Hu, J.; Luo, S.; He, J.-]. Novel High-Resolution and Large-Bandwidth Micro-
Spectrometer Using Multi-Input Counter-Propagating Arrayed Waveguide Grating and Dual-Wavelength Grating Coupler on
Silicon on Insulator. Laser Photonics Rev. 2023, 17, 2200355. [CrossRef]

9. Baek, S-H.; Ikoma, H.; Jeon, D.S.; Li, Y.; Heidrich, W.; Wetzstein, G.; Kim, M.H. Single-Shot Hyperspectral-Depth Imaging with
Learned Diffractive Optics. In Proceedings of the 2021 IEEE/CVF International Conference on Computer Vision (ICCV), Montreal,
QC, Canada, 10-17 October 2021; pp. 2631-2640.

10. Cui, Q.; Park, J.; Ma, Y.; Gao, L. Snapshot Hyperspectral Light Field Tomography. Optica 2021, 8, 1552. [CrossRef]

11. Monakhova, K.; Yanny, K.; Aggarwal, N.; Waller, L. Spectral DiffuserCam: Lensless Snapshot Hyperspectral Imaging with a
Spectral Filter Array. Optica 2020, 7, 1298. [CrossRef]

12.  Zhang, W.; Song, H.; He, X.; Huang, L.; Zhang, X.; Zheng, J.; Shen, W.; Hao, X.; Liu, X. Deeply Learned Broadband Encoding
Stochastic Hyperspectral Imaging. Light Sci. Appl. 2021, 10, 108. [CrossRef]

13.  Wolffenbuttel, R.F. State-of-the-Art in Integrated Optical Microspectrometers. IEEE Trans. Instrum. Meas. 2004, 53, 197-202.
[CrossRef]

14. Yang, Z.; Albrow-Owen, T.; Cai, W.; Hasan, T. Miniaturization of Optical Spectrometers. Science 2021, 371, eabe0722. [CrossRef]
[PubMed]

15. Gao, L.; Qu, Y.; Wang, L.; Yu, Z. Computational Spectrometers Enabled by Nanophotonics and Deep Learning. Nanophotonics
2022, 11, 2507-2529. [CrossRef]

16. Li, A,; Yao, C; Xia, J.; Wang, H.; Cheng, Q.; Penty, R.; Fainman, Y.; Pan, S. Advances in Cost-Effective Integrated Spectrometers.
Light Sci. Appl. 2022, 11, 174. [CrossRef]

17. Geng, Z.; Zhang, X.; Fan, Z.; Lv, X.; Su, Y.; Chen, H. Recent Progress in Optical Biosensors Based on Smartphone Platforms.
Sensors 2017, 17, 2449. [CrossRef]

18. Lapray, P-]J.; Wang, X.; Thomas, J.-B.; Gouton, P. Multispectral Filter Arrays: Recent Advances and Practical Implementation.
Sensors 2014, 14, 21626-21659. [CrossRef]

19. Chang, C.-C.; Lee, H.-N. On the Estimation of Target Spectrum for Filter-Array Based Spectrometers. Opt. Express 2008, 16, 1056.
[CrossRef]

20. Oliver, J.; Lee, W.-B.; Lee, H.-N. Filters with Random Transmittance for Improving Resolution in Filter-Array-Based Spectrometers.
Opt. Express 2013, 21, 3969. [CrossRef]

21. Huang, E.; Ma, Q.; Liu, Z. Etalon Array Reconstructive Spectrometry. Sci. Rep. 2017, 7, 40693. [CrossRef]

22. Rani, M,; Dhok, S.B.; Deshmukh, R.B. A Systematic Review of Compressive Sensing: Concepts, Implementations and Applications.
IEEE Access 2018, 6, 4875-4894. [CrossRef]

23. Candes, E.J.; Wakin, M.B. An Introduction to Compressive Sampling. IEEE Signal Process. Mag. 2008, 25, 21-30. [CrossRef]


https://doi.org/10.1364/OPEX.13.009029
https://www.ncbi.nlm.nih.gov/pubmed/19498938
https://doi.org/10.1016/j.lwt.2014.11.032
https://doi.org/10.3390/foods9121858
https://doi.org/10.1098/rsta.2014.0213
https://doi.org/10.1038/s41467-018-03004-6
https://doi.org/10.1364/OE.437594
https://doi.org/10.1002/lpor.202200355
https://doi.org/10.1364/OPTICA.440074
https://doi.org/10.1364/OPTICA.397214
https://doi.org/10.1038/s41377-021-00545-2
https://doi.org/10.1109/TIM.2003.821490
https://doi.org/10.1126/science.abe0722
https://www.ncbi.nlm.nih.gov/pubmed/33509998
https://doi.org/10.1515/nanoph-2021-0636
https://doi.org/10.1038/s41377-022-00853-1
https://doi.org/10.3390/s17112449
https://doi.org/10.3390/s141121626
https://doi.org/10.1364/OE.16.001056
https://doi.org/10.1364/OE.21.003969
https://doi.org/10.1038/srep40693
https://doi.org/10.1109/ACCESS.2018.2793851
https://doi.org/10.1109/MSP.2007.914731

Sensors 2023, 23, 8768 24 of 30

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

Wang, Z.; Yu, Z. Spectral Analysis Based on Compressive Sensing in Nanophotonic Structures. Opt. Express 2014, 22, 25608-25614.
[CrossRef] [PubMed]

Hang, Q.; Ung, B,; Syed, I.; Guo, N.; Skorobogatiy, M. Photonic Bandgap Fiber Bundle Spectrometer. Conf. Lasers Electro-Opt.
CLEO 2012, 49, 4791-4800. [CrossRef]

Redding, B.; Popoff, S.M.; Cao, H. All-Fiber Spectrometer Based on Speckle Pattern Reconstruction. Opt. Express 2013, 21, 6584.
[CrossRef]

Redding, B.; Alam, M.; Seifert, M.; Cao, H. High-Resolution and Broadband All-Fiber Spectrometers. Optica 2014, 1, 175.
[CrossRef]

Liew, S.F,; Redding, B.; Choma, M.A.; Tagare, H.D.; Cao, H. Broadband Multimode Fiber Spectrometer. Opt. Lett. 2016, 41, 2029.
[CrossRef]

Li, L.; Peng, C.; Qi, Y.; Zhou, G.; Qiao, Q.; Chau, ES.; Zhou, G. Design of an On-Chip Fourier Transform Spectrometer Using
Waveguide Directional Couplers and NEMS. Opt. Express 2018, 26, 30362. [CrossRef] [PubMed]

Sander, D.; Duecker, M.-O.; Blume, O.; Mueller, J. Optical Microspectrometer in SION Slab Waveguides. In Proceedings of the
Integrated Optics and Microstructures III, San Jose, CA, USA, 29 January 1996; SPIE: Philadelphia, PA, USA, 1996; Volume 2686,
pp. 100-107.

Sander, D.; Miiller, J. Selffocussing Phase Transmission Grating for an Integrated Optical Microspectrometer. Sens. Actuators Phys.
2001, 88, 1-9. [CrossRef]

Goldman, D.S.; White, P.; Anheier, N. Miniaturized Spectrometer Employing Planar Waveguides and Grating Couplers for
Chemical Analysis. Appl. Opt. 1990, 29, 4583-4589. [CrossRef]

Zou,J.;Lang, T.; Le, Z.; He, ] .-J. Ultracompact Silicon-on-Insulator-Based Reflective Arrayed Waveguide Gratings for Spectroscopic
Applications. Appl. Opt. 2016, 55, 3531-3536. [CrossRef] [PubMed]

Cheben, P; Schmid, J.H.; Delage, A.; Densmore, A.; Janz, S.; Lamontagne, B.; Lapointe, J.; Post, E.; Waldron, P.; Xu, D.-X. A High-
Resolution Silicon-on-Insulator Arrayed Waveguide Grating Microspectrometer with Sub-Micrometer Aperture Waveguides.
Opt. Express 2007, 15, 2299. [CrossRef] [PubMed]

Van Wijk, A.; Doerr, C.R.; Ali, Z.; Karabiyik, M.; Akca, B.I. Compact Ultrabroad-Bandwidth Cascaded Arrayed Waveguide
Gratings. Opt. Express 2020, 28, 14618-14626. [CrossRef] [PubMed]

Zhang, Z.; Wang, Y.; Wang, J.; Yi, D.; Chan, D.W.U.; Yuan, W.; Tsang, H. K. Integrated Scanning Spectrometer with a Tunable
Micro-Ring Resonator and an Arrayed Waveguide Grating. Photonics Res. 2022, 10, A74—A81. [CrossRef]

Hu, T.; Zhang, X.; Zhang, M.; Yan, X. A High-Resolution Miniaturized Ultraviolet Spectrometer Based on Arrayed Waveguide
Grating and Microring Cascade Structures. Opt. Commun. 2021, 482, 126591. [CrossRef]

Zhang, Z.; Wang, Y.; Tsang, H.K. Tandem Configuration of Microrings and Arrayed Waveguide Gratings for a High-Resolution
and Broadband Stationary Optical Spectrometer at 860 Nm. ACS Photonics 2021, 8, 1251-1257. [CrossRef]

Zhang, Z.; Wang, Y.; Tsang, H.K. Ultracompact 40-Channel Arrayed Waveguide Grating on Silicon Nitride Platform at 860 Nm.
IEEE ]. Quantum Electron. 2020, 56, 1-8. [CrossRef]

Li, A.; Fainman, Y. On-Chip Spectrometers Using Stratified Waveguide Filters. Nat. Commun. 2021, 12, 2704. [CrossRef]
Densmore, A.; Xu, D.-X,; Janz, S.; Waldron, P.; Mischki, T.; Lopinski, G.; Delage, A.; Lapointe, J.; Cheben, P.; Lamontagne, B.; et al.
Spiral-Path High-Sensitivity Silicon Photonic Wire Molecular Sensor with Temperature-Independent Response. Opt. Lett. 2008,
33, 596. [CrossRef]

Redding, B.; Fatt Liew, S.; Bromberg, Y.; Sarma, R.; Cao, H. Evanescently Coupled Multimode Spiral Spectrometer. Optica 2016,
3, 956. [CrossRef]

Piels, M.; Zibar, D. Compact Silicon Multimode Waveguide Spectrometer with Enhanced Bandwidth. Sci. Rep. 2017, 7, 43454.
[CrossRef]

Hornig, G.J.; Harrison, T.R.; Bu, L.; Azmayesh-Fard, S.; Decorby, R.G. Wavemeter Based on Dispersion and Speckle in a Tapered
Hollow Waveguide. OSA Contin. 2019, 2, 495-506. [CrossRef]

Civitci, F.; Hoekstra, H. Design of Spectrometers and Polarization Splitters Using Adiabatically Connected Slab Waveguides. In
Proceedings of the 16th European Conference on Integrated Optics, ECIO 2012, Sitges/Barcelona, Spain, 18-20 April 2012.
Redding, B.; Liew, S.F;; Sarma, R.; Cao, H. Compact Spectrometer Based on a Disordered Photonic Chip. Nat. Photonics 2013, 7,
746-751. [CrossRef]

Hartmann, W,; Varytis, P.; Gehring, H.; Walter, N.; Beutel, F.; Busch, K.; Pernice, W. Waveguide-Integrated Broadband Spectrometer
Based on Tailored Disorder. Adv. Opt. Mater. 2020, 8, 1901602. [CrossRef]

Liu, T; Fiore, A. Designing Open Channels in Random Scattering Media for On-Chip Spectrometers. Optica 2020, 7, 934-939.
[CrossRef]

Sun, Q.; Falak, P; Vettenburg, T.; Lee, T.; Phillips, D.B.; Brambilla, G.; Beresna, M. Compact Nano-Void Spectrometer Based on a
Stable Engineered Scattering System. Photonics Res. 2022, 10, 2328-2336. [CrossRef]

Sun, X.; Cheng, Q.; Cheng, R.; Liang, Y.; Pan, S.; Li, A. Ultra-Compact Optical Spectrometer Based on Silicon Random Medium. In
Proceedings of the Optoelectronic Devices and Integration, Nantong, China, 10-20 October 2021; SPIE: Nantong, China, 2021;
p- 43.

Kim, M.; Choi, Y.; Yoon, C.; Choi, W.; Kim, ].; Park, Q.-H.; Choi, W. Maximal Energy Transport through Disordered Media with
the Implementation of Transmission Eigenchannels. Nat. Photonics 2012, 6, 581-585. [CrossRef]


https://doi.org/10.1364/OE.22.025608
https://www.ncbi.nlm.nih.gov/pubmed/25401594
https://doi.org/10.1364/AO.49.004791
https://doi.org/10.1364/OE.21.006584
https://doi.org/10.1364/OPTICA.1.000175
https://doi.org/10.1364/OL.41.002029
https://doi.org/10.1364/OE.26.030362
https://www.ncbi.nlm.nih.gov/pubmed/30469910
https://doi.org/10.1016/S0924-4247(00)00499-4
https://doi.org/10.1364/AO.29.004583
https://doi.org/10.1364/AO.55.003531
https://www.ncbi.nlm.nih.gov/pubmed/27140366
https://doi.org/10.1364/OE.15.002299
https://www.ncbi.nlm.nih.gov/pubmed/19532464
https://doi.org/10.1364/OE.394783
https://www.ncbi.nlm.nih.gov/pubmed/32403499
https://doi.org/10.1364/PRJ.443039
https://doi.org/10.1016/j.optcom.2020.126591
https://doi.org/10.1021/acsphotonics.0c01932
https://doi.org/10.1109/JQE.2019.2951034
https://doi.org/10.1038/s41467-021-23001-6
https://doi.org/10.1364/OL.33.000596
https://doi.org/10.1364/OPTICA.3.000956
https://doi.org/10.1038/srep43454
https://doi.org/10.1364/OSAC.2.000495
https://doi.org/10.1038/nphoton.2013.190
https://doi.org/10.1002/adom.201901602
https://doi.org/10.1364/OPTICA.391612
https://doi.org/10.1364/PRJ.465322
https://doi.org/10.1038/nphoton.2012.159

Sensors 2023, 23, 8768 25 of 30

52.
53.

54.

55.
56.

57.

58.
59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.
71.

72.

73.

74.

75.
76.

77.

78.

79.

80.

81.

82.

Kwak, Y.; Park, SM.; Ku, Z.; Urbas, A.; Kim, Y.L. A Pearl Spectrometer. Nano Lett. 2021, 21, 921-930. [CrossRef]

Fan, P; Yu, Z.; Fan, S.; Brongersma, M.L. Optical Fano Resonance of an Individual Semiconductor Nanostructure. Nat. Mater.
2014, 13, 471-475. [CrossRef] [PubMed]

Salhi, B.; Hossain, M.K.; Mukhaimer, A.W.; Al-Sulaiman, F.A. Nanowires: A New Pathway to Nanotechnology-Based Applications.
J. Electroceram. 2016, 37, 34-49. [CrossRef]

Tian, B.; Kempa, T.J.; Lieber, C.M. Single Nanowire Photovoltaics. Chem. Soc. Rev. 2008, 38, 16-24. [CrossRef]

Yang, Z.; Albrow-Owen, T.; Cui, H.; Alexander-Webber, J.; Gu, F.; Wang, X.; Wu, T.-C.; Zhuge, M.; Williams, C.; Wang, P.; et al.
Single-Nanowire Spectrometers. Science 2019, 365, 1017-1020. [CrossRef] [PubMed]

Meng, J.; Cadusch, J.J.; Crozier, K.B. Detector-Only Spectrometer Based on Structurally Colored Silicon Nanowires and a
Reconstruction Algorithm. Nano Lett. 2020, 20, 320-328. [CrossRef]

Vukusic, P.; Sambles, ].R. Photonic Structures in Biology. Nature 2003, 424, 852-855. [CrossRef] [PubMed]

Dan, Y.; Seo, K.; Takei, K.; Meza, ].H.; Javey, A.; Crozier, K.B. Dramatic Reduction of Surface Recombination by in Situ Surface
Passivation of Silicon Nanowires. Nano Lett. 2011, 11, 2527-2532. [CrossRef] [PubMed]

Zheng, B. On-Chip Measurement of Photoluminescence with High Sensitivity Monolithic. Adv. Opt. Mater. 2020, 11, 2527-2532.
[CrossRef]

Cheng, R.; Zou, C.-L.; Guo, X.; Wang, S.; Han, X.; Tang, H.X. Broadband On-Chip Single-Photon Spectrometer. Nat. Commun.
2019, 10, 4104. [CrossRef] [PubMed]

Kong, L.; Zhao, Q.; Wang, H.; Guo, J.; Lu, H.; Hao, H.; Guo, S.; Tu, X.; Zhang, L.; Jia, X; et al. Single-Detector Spectrometer Using
a Superconducting Nanowire. Nano Lett. 2021, 21, 9625-9632. [CrossRef]

Zheng, ].; Xiao, Y.; Hu, M.; Zhao, Y.; Li, H,; You, L.; Feng, X,; Liu, F; Cui, K.; Huang, Y.; et al. Photon Counting Reconstructive
Spectrometer Combining Metasurfaces and Superconducting Nanowire Single-Photon Detectors. Photonics Res. 2023, 11, 234.
[CrossRef]

Saleh, B.E.A.; Teich, M.C. Fundamentals of Photonics; John Wiley & Sons, Ltd.: Hoboken, NJ, USA, 1991; pp. 384-422, ISBN
978-0-471-21374-1.

Momeni, B.; Hosseini, E.S.; Adibi, A. Planar Photonic Crystal Microspectrometers in Silicon-Nitride for the Visible Range. Opt.
Express 2009, 17, 17060. [CrossRef]

Pervez, N.K,; Cheng, W,; Jia, Z.; Cox, M.P,; Edrees, HM.; Kymissis, I. Photonic Crystal Spectrometer. Opt. Express 2010, 18, 8277.
[CrossRef] [PubMed]

Gan, X.; Pervez, N.; Kymissis, I.; Hatami, F.; Englund, D. A High-Resolution Spectrometer Based on a Compact Planar Two
Dimensional Photonic Crystal Cavity Array. Appl. Phys. Lett. 2012, 100, 231104. [CrossRef]

Meng, E; Shiue, R.-J.; Wan, N.; Li, L.; Nie, J.; Harris, N.C.; Chen, E.H.; Schroder, T.; Pervez, N.; Kymissis, I.; et al. Waveguide-
Integrated Photonic Crystal Spectrometer with Camera Readout. Appl. Phys. Lett. 2014, 105, 051103. [CrossRef]

Wang, Z.; Yi, S.; Chen, A.; Zhou, M.; Luk, T.S.; James, A.; Nogan, J.; Ross, W.; Joe, G.; Shahsafi, A.; et al. Single-Shot on-Chip
Spectral Sensors Based on Photonic Crystal Slabs. Nat. Commun. 2019, 10, 1020. [CrossRef] [PubMed]

Zhu, Y.; Lei, X,; Wang, K.X.; Yu, Z. Compact CMOS Spectral Sensor for the Visible Spectrum. Photonics Res. 2019, 7, 961. [CrossRef]
Zhang, W.; Serna, S.; Le Roux, X.; Vivien, L.; Cassan, E. Silicon Nanobeam Cavity for Ultra-Localized Light-Matter Interaction.
Opt. Lett. 2017, 42, 3323. [CrossRef]

Zhang, ].; Cheng, Z.; Dong, ].; Zhang, X. Cascaded Nanobeam Spectrometer with High Resolution and Scalability. Optica 2022,
9, 517. [CrossRef]

Li, T.; Gao, D.; Zhang, D.; Cassan, E. High-Q and High-Sensitivity One-Dimensional Photonic Crystal Slot Nanobeam Cavity
Sensors. IEEE Photonics Technol. Lett. 2016, 28, 689-692. [CrossRef]

Cheng, Z.; Zhao, Y.; Zhang, J.; Zhou, H.; Gao, D.; Dong, ]J.; Zhang, X. Generalized Modular Spectrometers Combining a Compact
Nanobeam Microcavity and Computational Reconstruction. ACS Photonics 2022, 9, 74-81. [CrossRef]

Bao, J.; Bawendi, M.G. A Colloidal Quantum Dot Spectrometer. Nature 2015, 523, 67-70. [CrossRef]

Zhu, X.; Bian, L.; Fu, H.; Wang, L.; Zou, B.; Dai, Q.; Zhang, J.; Zhong, H. Broadband Perovskite Quantum Dot Spectrometer
beyond Human Visual Resolution. Light Sci. Appl. 2020, 9, 73. [CrossRef]

Li, H,; Bian, L.; Gu, K,; Fu, H,; Yang, G.; Zhong, H.; Zhang, ]. A Near-Infrared Miniature Quantum Dot Spectrometer. Adv. Opt.
Mater. 2021, 9, 2100376. [CrossRef]

Zhang, J.; Zhu, X.; Bao, J. Solver-Informed Neural Networks for Spectrum Reconstruction of Colloidal Quantum Dot Spectrometers.
Opt. Express 2020, 28, 33656. [CrossRef]

Zhang, J.; Zhu, X.; Bao, J. Denoising Autoencoder Aided Spectrum Reconstruction for Colloidal Quantum Dot Spectrometers.
IEEE Sens. |. 2021, 21, 6450-6458. [CrossRef]

Khan, S.A.; Ellerbee Bowden, A K. Colloidal Quantum Dots for Cost-Effective, Miniaturized, and Simple Spectrometers. Clin.
Chem. 2016, 62, 548-550. [CrossRef]

Tittl, A.; Leitis, A.; Liu, M.; Yesilkoy, E; Choi, D.-Y.; Neshev, D.N.; Kivshar, Y.S.; Altug, H. Imaging-Based Molecular Barcoding
with Pixelated Dielectric Metasurfaces. Science 2018, 360, 1105-1109. [CrossRef] [PubMed]

Chen, H.-T;; Taylor, A.J.; Yu, N. A Review of Metasurfaces: Physics and Applications. Rep. Prog. Phys. 2016, 79, 076401. [CrossRef]
[PubMed]


https://doi.org/10.1021/acs.nanolett.0c03618
https://doi.org/10.1038/nmat3927
https://www.ncbi.nlm.nih.gov/pubmed/24747781
https://doi.org/10.1007/s10832-016-0037-y
https://doi.org/10.1039/B718703N
https://doi.org/10.1126/science.aax8814
https://www.ncbi.nlm.nih.gov/pubmed/31488686
https://doi.org/10.1021/acs.nanolett.9b03862
https://doi.org/10.1038/nature01941
https://www.ncbi.nlm.nih.gov/pubmed/12917700
https://doi.org/10.1021/nl201179n
https://www.ncbi.nlm.nih.gov/pubmed/21598980
https://doi.org/10.1002/adom.202000191
https://doi.org/10.1038/s41467-019-12149-x
https://www.ncbi.nlm.nih.gov/pubmed/31506440
https://doi.org/10.1021/acs.nanolett.1c03393
https://doi.org/10.1364/PRJ.469221
https://doi.org/10.1364/OE.17.017060
https://doi.org/10.1364/OE.18.008277
https://www.ncbi.nlm.nih.gov/pubmed/20588673
https://doi.org/10.1063/1.4724177
https://doi.org/10.1063/1.4892265
https://doi.org/10.1038/s41467-019-08994-5
https://www.ncbi.nlm.nih.gov/pubmed/30833569
https://doi.org/10.1364/PRJ.7.000961
https://doi.org/10.1364/OL.42.003323
https://doi.org/10.1364/OPTICA.453483
https://doi.org/10.1109/LPT.2015.2504722
https://doi.org/10.1021/acsphotonics.1c00719
https://doi.org/10.1038/nature14576
https://doi.org/10.1038/s41377-020-0301-4
https://doi.org/10.1002/adom.202100376
https://doi.org/10.1364/OE.402149
https://doi.org/10.1109/JSEN.2020.3039973
https://doi.org/10.1373/clinchem.2015.247999
https://doi.org/10.1126/science.aas9768
https://www.ncbi.nlm.nih.gov/pubmed/29880685
https://doi.org/10.1088/0034-4885/79/7/076401
https://www.ncbi.nlm.nih.gov/pubmed/27308726

Sensors 2023, 23, 8768 26 of 30

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

99.

100.

101.

102.

103.

104.

105.

106.

107.

108.

Zhu, A.Y.; Chen, W.-T.; Khorasaninejad, M.; Oh, J.; Zaidi, A.; Mishra, I.; Devlin, R.C.; Capasso, F. Ultra-Compact Visible Chiral
Spectrometer with Meta-Lenses. APL Photonics 2017, 2, 036103. [CrossRef]

Qin, J.; Jiang, S.; Wang, Z.; Cheng, X.; Li, B.; Shi, Y,; Tsai, D.P; Liu, A.Q.; Huang, W.; Zhu, W. Metasurface Micro/Nano-Optical
Sensors: Principles and Applications. ACS Nano 2022, 16, 11598-11618. [CrossRef]

Xiong, J.; Cai, X.; Cui, K,; Huang, Y,; Yang, J.; Zhu, H.; Li, W.; Hong, B.; Rao, S.; Zheng, Z.; et al. Dynamic Brain Spectrum
Acquired by a Real-Time Ultraspectral Imaging Chip with Reconfigurable Metasurfaces. Optica 2022, 9, 461. [CrossRef]

Zhu, A.Y.; Chen, W.T;; Sisler, J.; Yousef, KM.; Lee, E.; Huang, Y.-W.; Qiu, C.-W.; Capasso, F. Compact Aberration-Corrected
Spectrometers in the Visible Using Dispersion-Tailored Metasurfaces. Adv. Opt. Mater. 2019, 7, 1801144. [CrossRef]
Faraji-Dana, M.; Arbabi, E.; Arbabi, A.; Kamali, S.M.; Kwon, H.; Faraon, A. Compact Folded Metasurface Spectrometer. Nat.
Commun. 2018, 9, 4196. [CrossRef]

Hu, C.; Zheng, S.; Zhong, Q.; Dong, Y.; Hu, T.; Xu, Z. Design of a Computational Microspectrometer Based on Metasurfaces and
Multilayer Thin Films. In Proceedings of the 2022 Asia Communications and Photonics Conference (ACP), Shenzhen, China, 5-8
November 2022; pp. 1537-1542.

Zhang, Z.; Liu, Y,; Wang, Z.; Zhang, Y.; Guo, X,; Xiao, S.; Xu, K.; Song, Q. Folded Digital Meta-Lenses for on-Chip Spectrometer.
Nano Lett. 2023, 23, 3459-3466. [CrossRef]

Zhou, Y.; Chen, R.; Ma, Y. Characteristic Analysis of Compact Spectrometer Based on Off-Axis Meta-Lens. Appl. Sci. 2018, 8, 321.
[CrossRef]

Craig, B.; Shrestha, V.R.; Meng, J.; Cadusch, ].J.; Crozier, K.B. Experimental Demonstration of Infrared Spectral Reconstruction
Using Plasmonic Metasurfaces. Opt. Lett. 2018, 43, 4481. [CrossRef]

Molesky, S.; Lin, Z.; Piggott, A.Y;; Jin, W.; Vuckovig, J.; Rodriguez, A.W. Inverse Design in Nanophotonics. Nat. Photonics 2018, 12,
659-670. [CrossRef]

Hadibrata, W.; Noh, H.; Wei, H.; Krishnaswamy, S.; Aydin, K. Compact, High-resolution Inverse-Designed On-Chip Spectrometer
Based on Tailored Disorder Modes. Laser Photonics Rev. 2021, 15, 2000556. [CrossRef]

So, S.; Badloe, T.; Noh, J.; Bravo-Abad, J.; Rho, J. Deep Learning Enabled Inverse Design in Nanophotonics. Nanophotonics 2020, 9,
1041-1057. [CrossRef]

Sadeghli Dizaji, P.; Habibiyan, H.; Arabalibeik, H. A Miniaturized Computational Spectrometer with Optimum Number of
Nanophotonic Filters: Deep-Learning Autoencoding and Inverse Design-Based Implementation. Photonics Nanostruct.-Fundam.
Appl. 2022, 52,101057. [CrossRef]

Pohl, D.; Reig Escalé, M.; Madi, M.; Kaufmann, E; Brotzer, P; Sergeyev, A.; Guldimann, B.; Giaccari, P.; Alberti, E.; Meier, U.; et al.
An Integrated Broadband Spectrometer on Thin-Film Lithium Niobate. Nat. Photonics 2020, 14, 24-29. [CrossRef]

Manzardo, O.; Herzig, H.P.; Marxer, C.R.; de Rooij, N.F. Miniaturized Time-Scanning Fourier Transform Spectrometer Based on
Silicon Technology. Opt. Lett. 1999, 24, 1705-1707. [CrossRef] [PubMed]

Wang, W.; Samuelson, S.R.; Chen, J.; Xie, H. Miniaturizing Fourier Transform Spectrometer with an Electrothermal Micromirror.
IEEE Photonics Technol. Lett. 2015, 27, 1418-1421. [CrossRef]

Li, J.; Lu, D.; Qi, Z. Miniature Fourier Transform Spectrometer Based on Wavelength Dependence of Half-Wave Voltage of a
LiNbO_3 Waveguide Interferometer. Opt. Lett. 2014, 39, 3923. [CrossRef]

Herrero-Bermello, A.; Li, J.; Khazaei, M.; Grinberg, Y.; Velasco, A.V.; Vachon, M.; Cheben, P,; Stankovic, L.; Stankovic, V.; Xu,
D.-X; et al. On-Chip Fourier-Transform Spectrometers and Machine Learning: A New Route to Smart Photonic Sensors. Opt. Lett.
2019, 44, 5840-5843. [CrossRef] [PubMed]

Le Coarer, E; Blaize, S.; Benech, P; Stefanon, I.; Morand, A.; Lérondel, G.; Leblond, G.; Kern, P; Fedeli, ].M.; Royer, P. Wavelength-
Scale Stationary-Wave Integrated Fourier-Transform Spectrometry. Nat. Photonics 2007, 1, 473-478. [CrossRef]

Nie, X.; Ryckeboer, E.; Roelkens, G.; Baets, R. CMOS-Compatible Broadband Co-Propagative Stationary Fourier Transform
Spectrometer Integrated on a Silicon Nitride Photonics Platform. Opt. Express 2017, 25, A409-A418. [CrossRef] [PubMed]
Okamoto, K.; Aoyagi, H.; Takada, K. Fabrication of Fourier-Transform, Integrated-Optic Spatial Heterodyne Spectrometer on
Silica-Based Planar Waveguide. Opt. Lett. 2010, 35, 2103-2105. [CrossRef]

Velasco, A.V.; Cheben, P.; Bock, PJ.; Delage, A.; Schmid, J.H.; Lapointe, ].; Janz, S.; Calvo, M.L.; Xu, D.-X.; Florjariczyk, M.; et al.
High-Resolution Fourier-Transform Spectrometer Chip with Microphotonic Silicon Spiral Waveguides. Opt. Lett. 2013, 38,
706-708. [CrossRef]

Podmore, H.; Scott, A.; Cheben, P.; Velasco, A.V.; Schmid, ].H.; Vachon, M.; Lee, R. Demonstration of a Compressive-Sensing
Fourier-Transform on-Chip Spectrometer. Opt. Lett. 2017, 42, 1440-1443. [CrossRef]

Zhang, L.; Zhang, M.; Chen, T,; Liu, D.; Hong, S.; Dai, D. Ultrahigh-Resolution on-Chip Spectrometer with Silicon Photonic
Resonators. Opto-Electron. Adv. 2022, 5,210100. [CrossRef]

Dong, B.; Cai, H.; Gu, Y.D.; Yang, Z.C;; Jin, Y.F; Hao, Y.L.; Kwong, D.L.; Liu, A.Q. Nano-Silicon-Photonic Fourier Transform
Infrared (FTIR) Spectrometer-on-a-Chip. In Proceedings of the 2015 Conference on Lasers and Electro-Optics (CLEO), Paper
STu4l.1, San Jose, CA, USA, 10-15 May 2015; Optica Publishing Group: Washington, DC, USA, 2015; p. STu4l.1.

Sun, C,; Chen, Z; Yin, Y,; Ye, Y,; Luo, Y.; Ma, H.; Jian, J.; Shi, Y.; Zhong, C.; Zhang, D.; et al. Broadband and High-Resolution
Integrated Spectrometer Based on a Tunable FSR-Free Optical Filter Array. ACS Photonics 2022, 9, 2973-2980. [CrossRef]


https://doi.org/10.1063/1.4974259
https://doi.org/10.1021/acsnano.2c03310
https://doi.org/10.1364/OPTICA.440013
https://doi.org/10.1002/adom.201801144
https://doi.org/10.1038/s41467-018-06495-5
https://doi.org/10.1021/acs.nanolett.3c00515
https://doi.org/10.3390/app8030321
https://doi.org/10.1364/OL.43.004481
https://doi.org/10.1038/s41566-018-0246-9
https://doi.org/10.1002/lpor.202000556
https://doi.org/10.1515/nanoph-2019-0474
https://doi.org/10.1016/j.photonics.2022.101057
https://doi.org/10.1038/s41566-019-0529-9
https://doi.org/10.1364/OL.24.001705
https://www.ncbi.nlm.nih.gov/pubmed/18079909
https://doi.org/10.1109/LPT.2015.2423637
https://doi.org/10.1364/OL.39.003923
https://doi.org/10.1364/OL.44.005840
https://www.ncbi.nlm.nih.gov/pubmed/31774793
https://doi.org/10.1038/nphoton.2007.138
https://doi.org/10.1364/OE.25.00A409
https://www.ncbi.nlm.nih.gov/pubmed/28437970
https://doi.org/10.1364/OL.35.002103
https://doi.org/10.1364/OL.38.000706
https://doi.org/10.1364/OL.42.001440
https://doi.org/10.29026/oea.2022.210100
https://doi.org/10.1021/acsphotonics.2c00538

Sensors 2023, 23, 8768 27 of 30

109.

110.

111.

112.

113.
114.

115.
116.

117.

118.

119.

120.

121.

122.

123.

124.

125.

126.

127.

128.

129.

130.

131.

132.

133.

134.

135.

Xia, L.; Zhang, A.; Li, T.; Zou, Y. Deep-Learning-Assisted on-Chip Fourier Transform Spectrometer. In Proceedings of the
Integrated Optics: Devices, Materials, and Technologies XXIV, San Francisco, CA, USA, 1-6 February 2020; SPIE: Philadelphia,
PA, USA, 2020; Volume 11283, p. 1128305.

Kita, D.M.; Miranda, B.; Favela, D.; Bono, D.; Michon, J.; Lin, H.; Gu, T.; Hu, J. High-Performance and Scalable on-Chip Digital
Fourier Transform Spectroscopy. Nat. Commun. 2018, 9, 4405. [CrossRef] [PubMed]

Zhang, L.; Chen, J.; Ma, C,; Li, W,; Qi, Z.; Xue, N. Research Progress on On-Chip Fourier Transform Spectrometer. Laser Photonics
Rev. 2021, 15,2100016. [CrossRef]

Chai, J.; Zhang, K.; Xue, Y,; Liu, W,; Chen, T.; Lu, Y.; Zhao, G. Review of MEMS Based Fourier Transform Spectrometers.
Micromachines 2020, 11, 214. [CrossRef]

Gat, N. Imaging Spectroscopy Using Tunable Filters: A Review. Wavelet Appl. VII 2000, 4056, 50-64. [CrossRef]

Sun, H.; Qiao, Q.; Xia, J.; Lee, C.; Zhou, G. Mid-Infrared Silicon Photonic Phase Shifter Based on Microelectromechanical System.
Opt. Lett. 2022, 47, 5801-5803. [CrossRef]

Zhou, G.; Lee, C. Optical MEMS, Nanophotonics, and Their Applications; CRC Press: Boca Raton, FL, USA, 2017.

Wang, Y.; Zhou, G.; Zhang, X.; Kwon, K.; Blanche, P-A.; Triesault, N.; Yu, K.; Wu, M.C. 2D Broadband Beamsteering with
Large-Scale MEMS Optical Phased Array. Optica 2019, 6, 557. [CrossRef]

Fathy, A.; Sabry, Y.M.; Nazeer, S.; Bourouina, T.; Khalil, D.A. On-Chip Parallel Fourier Transform Spectrometer for Broadband
Selective Infrared Spectral Sensing. Microsyst. Nanoeng. 2020, 6, 10. [CrossRef]

Qiao, Q.; Liu, X.; Ren, Z.; Dong, B.; Xia, J.; Sun, H; Lee, C.; Zhou, G. MEMS-Enabled On-Chip Computational Mid-Infrared
Spectrometer Using Silicon Photonics. ACS Photonics 2022, 9, 2367-2377. [CrossRef]

Liao, J.-H.; Wang, W.; Chen, C.-].; Yu, C.-J.; Wu, M.-C. Design and Fabrication of Large-Area Tunable MOEMS-Based Shortwave
Infrared Fabry-Pérot Filters. J. Vac. Sci. Technol. B 2019, 37, 032002. [CrossRef]

Wolffenbuttel, R.F. MEMS-Based Optical Mini-and Microspectrometers for the Visible and Infrared Spectral Range. J. Micromech.
Microeng. 2005, 15, S145. [CrossRef]

Schuler, L.P;; Milne, ].S.; Dell, ].M.; Faraone, L. MEMS-Based Microspectrometer Technologies for NIR and MIR Wavelengths. J.
Phys. Appl. Phys. 2009, 42, 133001. [CrossRef]

Ebermann, M.; Neumann, N.; Hiller, K.; Seifert, M.; Meinig, M.; Kurth, S. Tunable MEMS Fabry-Pérot Filters for Infrared
Microspectrometers: A Review. In Proceedings of the MOEMS and Miniaturized Systems XV, San Francisco, CA, USA, 13-18
February 2016; SPIE: Philadelphia, PA, USA, 2016; Volume 9760, pp. 64-83.

Yokino, T.; Kato, K.; Ui, A.; Nakata, S.; Suzuki, T.; Abe, R.; Suzuki, S.; Warashina, Y.; Shibayama, K.; Yamamoto, K. Grating-Based
Ultra-Compact SWNIR Spectral Sensor Head Developed through MOEMS Technology. In Proceedings of the MOEMS and
Miniaturized Systems XVIII, San Francisco, CA, USA, 2-7 February 2019; SPIE: Philadelphia, PA, USA, 2019; Volume 10931,
pp. 55-68. [CrossRef]

Omran, H.; Medhat, M.; Mortada, B.; Saadany, B.; Khalil, D. Fully Integrated Mach-Zhender MEMS Interferometer With Two
Complementary Outputs. IEEE |. Quantum Electron. 2012, 48, 244-251. [CrossRef]

Hongbin, Y.; Guangya, Z.; Siong, C.F,; Feiwen, L.; Shouhua, W.; Mingsheng, Z. An Electromagnetically Driven Lamellar Grating
Based Fourier Transform Microspectrometer. J. Micromech. Microeng. 2008, 18, 055016. [CrossRef]

Jain, A.; Qu, H.; Todd, S.; Xie, H. A Thermal Bimorph Micromirror with Large Bi-Directional and Vertical Actuation. Sens.
Actuators Phys. 2005, 122, 9-15. [CrossRef]

Liu, X.; Monteiro, J.; Albuquerque, I; Lai, Y.; Jiang, C.; Zhang, S.; Falk, TH.; Liang, J. Single-Shot Real-Time Compressed
Ultrahigh-Speed Imaging Enabled by a Snapshot-to-Video Autoencoder. Photonics Res. 2021, 9, 2464. [CrossRef]

Li, A,; Fainman, Y. Integrated Silicon Fourier Transform Spectrometer with Broad Bandwidth and Ultra-High Resolution. Laser
Photonics Rev. 2021, 15, 2000358. [CrossRef]

Zheng, S.N.; Zou, J.; Cai, H,; Song, J.F,; Chin, L.K.; Liu, P.Y.; Lin, Z.P.; Kwong, D.L.; Liu, A.Q. Microring Resonator-Assisted
Fourier Transform Spectrometer with Enhanced Resolution and Large Bandwidth in Single Chip Solution. Nat. Commun. 2019,
10, 2349. [CrossRef]

Yao, C.; Chen, M.; Yan, T.; Ming, L.; Cheng, Q.; Penty, R. Broadband Picometer-Scale Resolution on-Chip Spectrometer with
Reconfigurable Photonics. Light Sci. Appl. 2023, 12, 156. [CrossRef]

Xu, H.; Qin, Y,; Hu, G.; Tsang, H.K. Cavity-Enhanced Scalable Integrated Temporal Random-Speckle Spectrometry. Optica 2023,
10, 1177. [CrossRef]

Gunning, W.; Yeh, P. Multiple-Cavity Infrared Electro-Optic Tunable Filter. In Proceedings of the Active Optical Devices, San
Diego, CA, USA, 27-30 August 1979; SPIE: Philadelphia, PA, USA, 1980; Volume 202, pp. 21-25.

Lammel, G.; Schweizer, S.; Renaud, P. Microspectrometer Based on a Tunable Optical Filter of Porous Silicon. Sens. Actuators Phys.
2001, 92, 52-59. [CrossRef]

Gunning, W.; Pasko, J.; Tracy, J. A Liquid Crystal Tunable Spectral Filter: Visible and Infrared Operation. In Proceedings of
the Imaging Spectroscopy I, San Francisco, CA, USA, 27-30 August 1979; SPIE: Philadelphia, PA, USA, 1981; Volume 268,
pp. 190-194.

Ni, Y;; Chen, C.; Wen, S.; Xue, X.; Sun, L.; Yang, Y. Computational Spectropolarimetry with a Tunable Liquid Crystal Metasurface.
eLight 2022, 2, 23. [CrossRef]


https://doi.org/10.1038/s41467-018-06773-2
https://www.ncbi.nlm.nih.gov/pubmed/30353014
https://doi.org/10.1002/lpor.202100016
https://doi.org/10.3390/mi11020214
https://doi.org/10.1117/12.381686
https://doi.org/10.1364/OL.474597
https://doi.org/10.1364/OPTICA.6.000557
https://doi.org/10.1038/s41378-019-0111-0
https://doi.org/10.1021/acsphotonics.2c00381
https://doi.org/10.1116/1.5085259
https://doi.org/10.1088/0960-1317/15/7/021
https://doi.org/10.1088/0022-3727/42/13/133001
https://doi.org/10.1117/12.2510472
https://doi.org/10.1109/JQE.2011.2170825
https://doi.org/10.1088/0960-1317/18/5/055016
https://doi.org/10.1016/j.sna.2005.02.001
https://doi.org/10.1364/PRJ.422179
https://doi.org/10.1002/lpor.202000358
https://doi.org/10.1038/s41467-019-10282-1
https://doi.org/10.1038/s41377-023-01195-2
https://doi.org/10.1364/OPTICA.492572
https://doi.org/10.1016/S0924-4247(01)00539-8
https://doi.org/10.1186/s43593-022-00032-0

Sensors 2023, 23, 8768 28 of 30

136.

137.

138.

139.

140.

141.
142.

143.

144.

145.

146.

147.

148.

149.

150.

151.

152.

153.

154.

155.

156.

157.
158.

159.

160.

161.

162.

163.

164.

Yuan, S.; Naveh, D.; Watanabe, K.; Taniguchi, T.; Xia, F. A Wavelength-Scale Black Phosphorus Spectrometer. Nat. Photonics 2021,
15, 601-607. [CrossRef]

Chen, X,; Lu, X.; Deng, B.; Sinai, O.; Shao, Y.; Li, C.; Yuan, S.; Tran, V.; Watanabe, K.; Taniguchi, T.; et al. Widely Tunable Black
Phosphorus Mid-Infrared Photodetector. Nat. Commun. 2017, 8, 1672. [CrossRef] [PubMed]

Mak, K.E; Ju, L.; Wang, E; Heinz, T.F. Optical Spectroscopy of Graphene: From the Far Infrared to the Ultraviolet. Solid State
Commun. 2012, 152, 1341-1349. [CrossRef]

Guo, L.; Sun, H.; Wang, M.; Wang, M.; Min, L.; Cao, F; Tian, W.; Li, L. A Single-Dot Perovskite Spectrometer. Adv. Mater. 2022,
34,2200221. [CrossRef]

Yoon, H.H.; Fernandez, H.A.; Nigmatulin, F; Cai, W.; Yang, Z.; Cui, H.; Ahmed, F,; Cui, X.; Uddin, M.G.; Minot, E.D,; et al.
Miniaturized Spectrometers with a Tunable van Der Waals Junction. Science 2022, 378, 296-299. [CrossRef]

Geim, A K.; Grigorieva, I.V. Van Der Waals Heterostructures. Nature 2013, 499, 419-425. [CrossRef]

Lee, C.-H.; Lee, G.-H.; Van Der Zande, A.M.; Chen, W,; Li, Y.; Han, M.; Cui, X.; Arefe, G.; Nuckolls, C.; Heinz, T.F; et al. Atomically
Thin p—n Junctions with van Der Waals Heterointerfaces. Nat. Nanotechnol. 2014, 9, 676—681. [CrossRef]

VanOrman, Z.A.; Nienhaus, L. Recent Advancements in Halide Perovskite Nanomaterials and Their Optoelectronic Applications.
InfoMat 2021, 3, 962-986. [CrossRef]

Zhang, M.-N.; Wu, X,; Riaud, A.; Wang, X.-L.; Xie, F; Liu, W.-J.; Mei, Y.; Zhang, D.W.; Ding, S.-J. Spectrum Projection with a
Bandgap-Gradient Perovskite Cell for Colour Perception. Light Sci. Appl. 2020, 9, 162. [CrossRef]

Huang, Y.; Zha, Y.; Wang, Y.; Yang, ]J. Forward Looking Radar Imaging by Truncated Singular Value Decomposition and Its
Application for Adverse Weather Aircraft Landing. Sensors 2015, 15, 14397-14414. [CrossRef]

Isam, S.; Kanaras, I.; Darwazeh, I. A Truncated SVD Approach for Fixed Complexity Spectrally Efficient FDM Receivers. In
Proceedings of the 2011 IEEE Wireless Communications and Networking Conference, Cancun, Mexico, 28-31 March 2011;
pp. 1584-1589.

Vogel, C. Optimal Choice of a Truncation Level for the Truncated SVD Solution of Linear First Kind Integral Equations When
Data Are Noisy. SIAM |. Numer. Anal. 1986, 23, 109-117. [CrossRef]

Gavish, M.; Donoho, D.L. The Optimal Hard Threshold for Singular Values Is 4/\sqrt 3. IEEE Trans. Inf. Theory 2014, 60,
5040-5053. [CrossRef]

Huang, G.; Jiang, H.; Matthews, K.; Wilford, P. Lensless Imaging by Compressive Sensing. In Proceedings of the 2013 IEEE
International Conference on Image Processing, Melbourne, VIC, Australia, 15-18 September 2013; pp. 2101-2105.

Virtanen, P.; Gommers, R.; Oliphant, T.E.; Haberland, M.; Reddy, T.; Cournapeau, D.; Burovski, E.; Peterson, P.; Weckesser, W.;
Bright, J.; et al. SciPy 1.0: Fundamental Algorithms for Scientific Computing in Python. Nat. Methods 2020, 17, 261-272. [CrossRef]
Oliver, J.; Lee, W,; Park, S.; Lee, H.-N. Improving Resolution of Miniature Spectrometers by Exploiting Sparse Nature of Signals.
Opt. Express 2012, 20, 2613. [CrossRef] [PubMed]

Chang, C.-C. Spectrum Reconstruction for Filter-Array Spectrum Sensor from Sparse Template Selection. Opt. Eng. 2011,
50, 114402. [CrossRef]

Li, S.; Fang, L.; Yin, H. An Efficient Dictionary Learning Algorithm and Its Application to 3-D Medical Image Denoising. IEEE
Trans. Biomed. Eng. 2012, 59, 417-427. [CrossRef]

Mairal, J.; Bach, E; Ponce, J.; Sapiro, G. Online Dictionary Learning for Sparse Coding. In Proceedings of the 26th Annual
International Conference on Machine Learning, Montreal, QC, Canada, 14-18 June 2009; Association for Computing Machinery:
New York, NY, USA, 2009; pp. 689-696.

Shao, L.; Yan, R.; Li, X,; Liu, Y. From Heuristic Optimization to Dictionary Learning: A Review and Comprehensive Comparison
of Image Denoising Algorithms. IEEE Trans. Cybern. 2014, 44, 1001-1013. [CrossRef]

Vu, T.H.; Monga, V. Fast Low-Rank Shared Dictionary Learning for Image Classification. IEEE Trans. Image Process. 2017, 26,
5160-5175. [CrossRef]

Tosi¢, I; Frossard, P. Dictionary Learning. IEEE Signal Process. Mag. 2011, 28, 27-38. [CrossRef]

Zhang, S.; Dong, Y.; Fu, H.; Huang, S.-L.; Zhang, L. A Spectral Reconstruction Algorithm of Miniature Spectrometer Based on
Sparse Optimization and Dictionary Learning. Sensors 2018, 18, 644. [CrossRef]

Mairal, J.; Bach, F,; Ponce, J. Task-Driven Dictionary Learning. IEEE Trans. Pattern Anal. Mach. Intell. 2012, 34, 791-804. [CrossRef]
[PubMed]

Zhou, M.; Chen, H.; Ren, L.; Sapiro, G.; Carin, L.; Paisley, ]. Non-Parametric Bayesian Dictionary Learning for Sparse Image
Representations. In Advances in Neural Information Processing Systems, Proceedings of the NIPS 2009, Vancouver, BC, Canada, 7 -10
December 2009; Curran Associates, Inc.: Nice, France, 2009; Volume 22.

Nguyen, H.V,; Patel, VM.; Nasrabadi, N.M.; Chellappa, R. Kernel Dictionary Learning. In Proceedings of the 2012 IEEE
International Conference on Acoustics, Speech and Signal Processing (ICASSP), Kyoto, Japan, 25-30 March 2012; pp. 2021-2024.
LeCun, Y,; Bengio, Y.; Hinton, G. Deep Learning. Nature 2015, 521, 436-444. [CrossRef] [PubMed]

Wang, Z.; Liu, J.; Li, G.; Han, H. Blind2Unblind: Self-Supervised Image Denoising with Visible Blind Spots. In Proceedings of
the 2022 IEEE/CVEF Conference on Computer Vision and Pattern Recognition (CVPR), New Orleans, LA, USA, 18-24 June 2022;
pp. 2017-2026.

Zhang, K.; Zuo, W.; Gu, S.; Zhang, L. Learning Deep CNN Denoiser Prior for Image Restoration. In Proceedings of the 2017 IEEE
Conference on Computer Vision and Pattern Recognition (CVPR), Honolulu, HI, USA, 21-26 July 2017; pp. 2808-2817.


https://doi.org/10.1038/s41566-021-00787-x
https://doi.org/10.1038/s41467-017-01978-3
https://www.ncbi.nlm.nih.gov/pubmed/29162821
https://doi.org/10.1016/j.ssc.2012.04.064
https://doi.org/10.1002/adma.202200221
https://doi.org/10.1126/science.add8544
https://doi.org/10.1038/nature12385
https://doi.org/10.1038/nnano.2014.150
https://doi.org/10.1002/inf2.12187
https://doi.org/10.1038/s41377-020-00400-w
https://doi.org/10.3390/s150614397
https://doi.org/10.1137/0723007
https://doi.org/10.1109/TIT.2014.2323359
https://doi.org/10.1038/s41592-019-0686-2
https://doi.org/10.1364/OE.20.002613
https://www.ncbi.nlm.nih.gov/pubmed/22330499
https://doi.org/10.1117/1.3645086
https://doi.org/10.1109/TBME.2011.2173935
https://doi.org/10.1109/TCYB.2013.2278548
https://doi.org/10.1109/TIP.2017.2729885
https://doi.org/10.1109/MSP.2010.939537
https://doi.org/10.3390/s18020644
https://doi.org/10.1109/TPAMI.2011.156
https://www.ncbi.nlm.nih.gov/pubmed/21808090
https://doi.org/10.1038/nature14539
https://www.ncbi.nlm.nih.gov/pubmed/26017442

Sensors 2023, 23, 8768 29 of 30

165.

166.

167.

168.

169.

170.

171.

172.

173.

174.

175.

176.

177.

178.

179.

180.

181.

182.

183.

184.

185.

186.

187.

188.

189.

190.

Ziegler, A.; Asano, Y.M. Self-Supervised Learning of Object Parts for Semantic Segmentation. In Proceedings of the 2022 IEEE/CVF
Conference on Computer Vision and Pattern Recognition (CVPR), New Orleans, LA, USA, 18-24 June 2022; pp. 14482-14491.
Zhou, D,; Liu, Z.; Wang, ].; Wang, L.; Hu, T,; Ding, E.; Wang, ]. Human-Object Interaction Detection via Disentangled Transformer.
In Proceedings of the 2022 IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), New Orleans, LA, USA,
18-24 June 2022; pp. 19546-19555.

Kim, C.; Park, D,; Lee, J.; Lee, H.-N. Deep Learning-Based Single-Shot Computational Spectrometer Using Multilayer Thin Films.
arXiv 2022, arXiv:2204.02669. [CrossRef]

Ronneberger, O.; Fischer, P.; Brox, T. U-Net: Convolutional Networks for Biomedical Image Segmentation. In Proceedings of
the Medical Image Computing and Computer-Assisted Intervention—MICCAI 2015: 18th International Conference, Munich,
Germany, 5-9 October 2015; Part III 18. Springer: Berlin/Heidelberg, Germany, 2015; pp. 234-241.

Chatzidakis, M.; Botton, G.A. Towards Calibration-Invariant Spectroscopy Using Deep Learning. Sci. Rep. 2019, 9, 2126.
[CrossRef]

Wen, J.; Hao, L.; Gao, C.; Wang, H.; Mo, K,; Yuan, W.; Chen, X.,; Wang, Y.; Zhang, Y.; Shao, Y.; et al. Deep Learning-Based
Miniaturized All-Dielectric Ultracompact Film Spectrometer. ACS Photonics 2022, 10, 225-233. [CrossRef]

Said, M.; Wahba, A.; Khalil, D. Semi-Supervised Deep Learning Framework for Milk Analysis Using NIR Spectrometers. Chenom.
Intell. Lab. Syst. 2022, 228, 104619. [CrossRef]

Ren, D.; Zhang, K.; Wang, Q.; Hu, Q.; Zuo, W. Neural Blind Deconvolution Using Deep Priors. In Proceedings of the 2020
IEEE/CVEF Conference on Computer Vision and Pattern Recognition (CVPR), Seattle, WA, USA, 13-19 June 2020; pp. 3338-3347.
Chang, Y.;; Xu, S.;; Dong, B.; Wei, J.; Le, X,; Ma, Y.; Zhou, G.; Lee, C. Development of Triboelectric-Enabled Tunable Fabry-
Pérot Photonic-Crystal-Slab Filter towards Wearable Mid-Infrared Computational Spectrometer. Nano Energy 2021, 89, 106446.
[CrossRef]

Ryu, EK,; Liu, J.; Wang, S.; Chen, X.; Wang, Z.; Yin, W. Plug-and-Play Methods Provably Converge with Properly Trained
Denoisers 2019. In Proceedings of the 36th International Conference on Machine Learning, Long Beach, CA, USA, 9-15 June 2019.
Al-Halah, Z.; Ramakrishnan, S.K.; Grauman, K. Zero Experience Required: Plug & Play Modular Transfer Learning for Semantic
Visual Navigation. In Proceedings of the 2022 IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), New
Orleans, LA, USA, 18-24 June 2022; pp. 17010-17020.

Yuan, X,; Liu, Y.; Suo, J.; Dai, Q. Plug-and-Play Algorithms for Large-Scale Snapshot Compressive Imaging. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition, Seattle, WA, USA, 13-19 June 2020; pp. 1447-1457.

Wang, E; Bian, Y.; Wang, H.; Lyu, M.; Pedrini, G.; Osten, W.; Barbastathis, G.; Situ, G. Phase Imaging with an Untrained Neural
Network. Light Sci. Appl. 2020, 9, 77. [CrossRef]

Monakhova, K.; Tran, V.; Kuo, G.; Waller, L. Untrained Networks for Compressive Lensless Photography. Opt. Express 2021,
29,20913. [CrossRef]

Zheng, S.; Liu, Y,; Meng, Z.; Qiao, M.; Tong, Z.; Yang, X.; Han, S.; Yuan, X. Deep Plug-and-Play Priors for Spectral Snapshot
Compressive Imaging. Photonics Res. 2021, 9, B18. [CrossRef]

Bryan, M.R; Butt, ].N.; Bucukovski, J.; Miller, B.L. Biosensing with Silicon Nitride Microring Resonators Integrated with an
On-Chip Filter Bank Spectrometer. ACS Sens. 2023, 8, 739-747. [CrossRef] [PubMed]

Guo, H.; Guo, ]. Hybrid Plasmon Photonic Crystal Resonance Grating for Integrated Spectrometer Biosensor. Opt. Lett. 2015, 40,
249-252. [CrossRef] [PubMed]

Jha, D.; Choudhary, K,; Tavazza, F; Liao, W.; Choudhary, A.; Campbell, C.; Agrawal, A. Enhancing Materials Property Prediction
by Leveraging Computational and Experimental Data Using Deep Transfer Learning. Nat. Commun. 2019, 10, 5316. [CrossRef]
Edwards, P; Zhang, C.; Zhang, B.; Hong, X.; Nagarajan, V.K; Yu, B.; Liu, Z. Smartphone Based Optical Spectrometer for Diffusive
Reflectance Spectroscopic Measurement of Hemoglobin. Sci. Rep. 2017, 7, 12224. [CrossRef]

Wang, Y.; Liu, X.; Chen, P; Tran, N.T.; Zhang, J.; Chia, W.S.; Boujday, S.; Liedberg, B. Smartphone Spectrometer for Colorimetric
Biosensing. Analyst 2016, 141, 3233-3238. [CrossRef] [PubMed]

Sideris, C.; Hajimiri, A. Design and Implementation of an Integrated Magnetic Spectrometer for Multiplexed Biosensing. IEEE
Trans. Biomed. Circuits Syst. 2013, 7, 773-784. [CrossRef]

Nallusamy, S.; Sujatha, K. Experimental Analysis of Nanoparticles with Cobalt Oxide Synthesized by Coprecipitation Method on
Electrochemical Biosensor Using FTIR and TEM. Mater. Today Proc. 2021, 37, 728-732. [CrossRef]

Das, A.; Swedish, T.; Wahi, A.; Moufarrej, M.; Noland, M.; Gurry, T.; Aranda-Michel, E.; Aksel, D.; Wagh, S.; Sadashivaiah,
V.; et al. Mobile Phone Based Mini-Spectrometer for Rapid Screening of Skin Cancer. In Proceedings of the Next-Generation
Spectroscopic Technologies VIII, Baltimore, MD, USA, 20-24 April 2015; SPIE: Philadelphia, PA, USA, 2015; Volume 9482,
pp. 122-126. [CrossRef]

Ryckeboer, E.; Bockstaele, R.; Vanslembrouck, M.; Baets, R. Glucose Sensing by Waveguide-Based Absorption Spectroscopy on a
Silicon Chip. Biomed. Opt. Express 2014, 5, 1636. [CrossRef]

Wang, L.-].; Naudé, N.; Chang, Y.-C.; Crivaro, A.; Kamoun, M.; Wang, P.; Li, L. An Ultra-Low-Cost Smartphone Octochannel
Spectrometer for Mobile Health Diagnostics. J. Biophotonics 2018, 11, e201700382. [CrossRef]

Tricoli, A.; Nasiri, N.; De, S. Wearable and Miniaturized Sensor Technologies for Personalized and Preventive Medicine. Adv.
Funct. Mater. 2017, 27, 1605271. [CrossRef]


https://doi.org/10.2139/ssrn.4216571
https://doi.org/10.1038/s41598-019-38482-1
https://doi.org/10.1021/acsphotonics.2c01498
https://doi.org/10.1016/j.chemolab.2022.104619
https://doi.org/10.1016/j.nanoen.2021.106446
https://doi.org/10.1038/s41377-020-0302-3
https://doi.org/10.1364/OE.424075
https://doi.org/10.1364/PRJ.411745
https://doi.org/10.1021/acssensors.2c02276
https://www.ncbi.nlm.nih.gov/pubmed/36787432
https://doi.org/10.1364/OL.40.000249
https://www.ncbi.nlm.nih.gov/pubmed/25679856
https://doi.org/10.1038/s41467-019-13297-w
https://doi.org/10.1038/s41598-017-12482-5
https://doi.org/10.1039/C5AN02508G
https://www.ncbi.nlm.nih.gov/pubmed/27163736
https://doi.org/10.1109/TBCAS.2013.2297514
https://doi.org/10.1016/j.matpr.2020.05.735
https://doi.org/10.1117/12.2182191
https://doi.org/10.1364/BOE.5.001636
https://doi.org/10.1002/jbio.201700382
https://doi.org/10.1002/adfm.201605271

Sensors 2023, 23, 8768 30 of 30

191.

192.

193.

194.

195.

196.

197.

198.

199.

200.

201.

202.

203.

204.
205.
206.
207.
208.
209.

210.

211.

Labaj, F; Kalwas, J.; Gorski, A.; Stepierr, D.; Leszcz, P.; Piramidowicz, R. Design and Development of a Miniature Mid-IR
Spectrometer for Environmental Sensing and Food Safety Applications. Eng. Proc. 2022, 21, 49. [CrossRef]

Llano Suarez, P.; Soldado, A.; Gonzélez-Arrojo, A.; Vicente, F.; de la Roza-Delgado, B. Rapid On-Site Monitoring of Fatty Acid
Profile in Raw Milk Using a Handheld near Infrared Sensor. J. Food Compos. Anal. 2018, 70, 1-8. [CrossRef]

Dixit, Y.; Pham, H.Q.; Realini, C.E.; Agnew, M.P,; Craigie, C.R.; Reis, M.M. Evaluating the Performance of a Miniaturized
NIR Spectrophotometer for Predicting Intramuscular Fat in Lamb: A Comparison with Benchtop and Hand-Held Vis-NIR
Spectrophotometers. Meat Sci. 2020, 162, 108026. [CrossRef]

Grassi, S.; Casiraghi, E.; Alamprese, C. Handheld NIR Device: A Non-Targeted Approach to Assess Authenticity of Fish Fillets
and Patties. Food Chem. 2018, 243, 382-388. [CrossRef]

Clevers, ].G.P.W. The Use of Imaging Spectrometry for Agricultural Applications. ISPRS ]. Photogramm. Remote Sens. 1999, 54,
299-304. [CrossRef]

Clevers, ].G.P.W. Imaging Spectrometry in Agriculture—Plant Vitality and Yield Indicators. In Imaging Spectrometry—A Tool for
Environmental Observations; Hill, J., Mégier, J., Eds.; Eurocourses: Remote Sensing; Springer: Dordrecht, The Netherlands, 1994;
pp. 193-219, ISBN 978-0-585-33173-7.

Wang, N.; Suomalainen, J.; Bartholomeus, H.; Kooistra, L.; Masilitinas, D.; Clevers, ].G.P.W. Diurnal Variation of Sun-Induced
Chlorophyll Fluorescence of Agricultural Crops Observed from a Point-Based Spectrometer on a UAV. Int. ]. Appl. Earth Obs.
Geoinf. 2021, 96, 102276. [CrossRef]

Hashim, H.; Haron, M.A.; Osman, EN.; Al Junid, S.A.M. Classification of Rubber Tree Leaf Disease Using Spectrometer. In
Proceedings of the 2010 Fourth Asia International Conference on Mathematical/ Analytical Modelling and Computer Simulation,
Kota Kinabalu, Malaysia, 26-28 May 2010; pp. 302-306. [CrossRef]

Shen, Z.; D’Agui, H.; Walden, L.; Zhang, M.; Yiu, T.M.; Dixon, K.; Nevill, P; Cross, A.; Matangulu, M.; Hu, Y,; et al. Miniaturised
Visible and Near-Infrared Spectrometers for Assessing Soil Health Indicators in Mine Site Rehabilitation. SOIL 2022, 8, 467-486.
[CrossRef]

Kosmowski, F.; Worku, T. Evaluation of a Miniaturized NIR Spectrometer for Cultivar Identification: The Case of Barley, Chickpea
and Sorghum in Ethiopia. PLoS ONE 2018, 13, €0193620. [CrossRef]

Franceschelli, L.; Brunelli, D.; Crescentini, M.; Ragni, L.; Berardinelli, A.; Tartagni, M. Soil Moisture Assessment with a Waveguide
Spectrometer. In Proceedings of the 2020 IEEE International Symposium on Circuits and Systems (ISCAS), Seville, Spain, 12-14
October 2020; pp. 1-5. [CrossRef]

Ivanov, S.V.; Novoderezhkin, V.I.; Panchenko, V.Y.; Solomatin, V.S.; Kholodnykh, A I Laser Infrared Spectrometer for Atmosphere
Gas Analysis and Medicine. Opt. Eng. 1994, 33, 3202-3205. [CrossRef]

Mannila, R.; Hyypio, R.; Korkalainen, M.; Blomberg, M.; Kattelus, H.; Rissanen, A. Gas Detection with Microelectromechanical
Fabry-Perot Interferometer Technology in Cell Phone. In Proceedings of the Next-Generation Spectroscopic Technologies VIII,
Baltimore, MD, USA, 20-24 April 2015; SPIE: Philadelphia, PA, USA, 2015; Volume 9482, pp. 133-141. [CrossRef]

Erfan, M.; Sabry, Y.M.; Sakr, M.; Mortada, B.; Medhat, M.; Khalil, D. On-Chip Micro-Electro-Mechanical System Fourier Transform
Infrared (MEMS FT-IR) Spectrometer-Based Gas Sensing. Appl. Spectrosc. 2016, 70, 897-904. [CrossRef] [PubMed]

Mubhiyudin, M.; Hutson, D.; Gibson, D.; Waddell, E.; Song, S.; Ahmadzadeh, S. Miniaturised Infrared Spectrophotometer for Low
Power Consumption Multi-Gas Sensing. Sensors 2020, 20, 3843. [CrossRef]

Ayerden, N.P.; Wolffenbuttel, R.F. The Miniaturization of an Optical Absorption Spectrometer for Smart Sensing of Natural Gas.
IEEE Trans. Ind. Electron. 2017, 64, 9666-9674. [CrossRef]

Popa, D.; Udrea, F. Towards Integrated Mid-Infrared Gas Sensors. Sensors 2019, 19, 2076. [CrossRef] [PubMed]

Scheeline, A. Cell Phone Spectrometry: Science in Your Pocket? TrAC Trends Anal. Chem. 2016, 85, 20-25. [CrossRef]

Piigner, T.; Knobbe, J.; Griiger, H. Near-Infrared Grating Spectrometer for Mobile Phone Applications. Appl. Spectrosc. 2016, 70,
734-745. [CrossRef]

Bae, J.; Druzhin, V.; Anikanov, A.; Afanasyev, S.; Shchekin, A.; Medvedev, A.; Morozov, A.; Kim, D.; Kim, S.; Moon, H.; et al.
A Miniaturized near Infrared Spectrometer for Non-Invasive Sensing of Bio-Markers as a Wearable Healthcare Solution. In
Proceedings of the MOEMS and Miniaturized Systems XVI, San Francisco, CA, USA, 28 January-2 February 2017; SPIE:
Philadelphia, PA, USA, 2017; p. 101160]. [CrossRef]

Kulakowski, J.; d’Humieéres, B. Chip-Size Spectrometers Drive Spectroscopy towards Consumer and Medical Applications. In
Proceedings of the Photonic Instrumentation Engineering VIII, Online, 6-12 March 2021; SPIE: Philadelphia, PA, USA, 2021;
Volume 11693, pp. 194-202. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.3390/engproc2022021049
https://doi.org/10.1016/j.jfca.2018.03.003
https://doi.org/10.1016/j.meatsci.2019.108026
https://doi.org/10.1016/j.foodchem.2017.09.145
https://doi.org/10.1016/S0924-2716(99)00033-7
https://doi.org/10.1016/j.jag.2020.102276
https://doi.org/10.1109/AMS.2010.67
https://doi.org/10.5194/soil-8-467-2022
https://doi.org/10.1371/journal.pone.0193620
https://doi.org/10.1109/ISCAS45731.2020.9181300
https://doi.org/10.1117/12.177887
https://doi.org/10.1117/12.2176923
https://doi.org/10.1177/0003702816638295
https://www.ncbi.nlm.nih.gov/pubmed/27044847
https://doi.org/10.3390/s20143843
https://doi.org/10.1109/TIE.2017.2719600
https://doi.org/10.3390/s19092076
https://www.ncbi.nlm.nih.gov/pubmed/31060244
https://doi.org/10.1016/j.trac.2016.02.023
https://doi.org/10.1177/0003702816638277
https://doi.org/10.1117/12.2256293
https://doi.org/10.1117/12.2591048

	Introduction 
	General Principles of Miniaturized Computational Spectrometers 
	Architecture of Miniaturized Computational Spectrometers 
	Compressive Sensing 

	Encoder 
	Fiber 
	Waveguide 
	Random Structure 
	Nanowire 
	Photonic Crystal 
	Quantum Dot 
	Metasurface 
	Inverse Design of Encoder 
	Tunable Devices 
	Fourier Transform Spectrometer 
	Microelectromechanical Systems 
	Thermal Tuning 
	Other Tuning Methods 


	Decoder 
	Singular Value Decomposition 
	Convex Optimization 
	Regularization 
	Dictionary Learning 
	Deep Learning 

	Applications 
	Industrial Applications 
	Biosensing 
	Chemical Sensing 

	Consumer Devices 

	Conclusions and Outlook 
	References

