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Significance

Miniaturized reconstructive 
spectrometers are poised to 
revolutionize their application 
fields through enhanced portability 
and functionality. However, 
achieving optimal performance 
traditionally requires manual 
tuning of algorithm parameters, 
and their capability of direct 
large-scale production using 
integrated circuit processes 
remains unproven. In this work, we 
introduce a miniaturized 
spectrometer, fully complementary 
metal-oxide-semiconductor-
compatible and enhanced with 
self-referencing Fabry–Perot 
resonators, eliminating manual 
tuning of algorithms for optimal 
performance. This work 
demonstrates wafer-scale 
production of universal and robust 
miniaturized spectrometers with a 
self-adaptive reconstructive 
algorithm, signifying its potential 
for commercialization and 
extensive interdisciplinary 
application.
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Miniaturized reconstructive spectrometers play a pivotal role in on-chip and portable devices, 
offering high-resolution spectral measurement through precalibrated spectral responses and 
AI–driven reconstruction. However, two key challenges persist for practical applications: 
artificial intervention in algorithm parameters and compatibility with complementary 
metal-oxide-semiconductor (CMOS) manufacturing. We present a cutting-edge miniatur-
ized reconstructive spectrometer that incorporates a self-adaptive algorithm referenced with 
Fabry–Perot resonators, delivering precise spectral tests across the visible range. The spec-
trometers are fabricated with CMOS technology at the wafer scale, achieving a resolution 
of ~2.5 nm, an average wavelength deviation of ~0.27 nm, and a resolution-to-bandwidth 
ratio of ~0.46%. Our approach provides a path toward versatile and robust reconstructive 
miniaturized spectrometers and facilitates their commercialization.

miniaturized spectrometers | Fabry–Perot resonators | silicon nanomembrane |  
CMOS-compatible integration

Optical spectrometers are an indispensable analytical tool used extensively in scientific 
and industrial research for characterization across diverse fields (1–3). Of particular interest 
is the miniaturization of spectrometers (4–7) for great potential in diverse disciplines in, 
e.g., machine vision (8, 9), environmental monitoring (10, 11), and medical diagnostics 
(7, 12). Recent developments have showcased the emergence of miniaturized spectrometers 
featuring innovative material systems and device designs (13). Notable examples include 
nanowires with variable bandgaps (14), black phosphorus nanosheets with tunable Stark 
effects (15), tunable van der Waals junctions (16, 17), and photonic crystal arrays (18, 19), 
all of which exhibit performance levels comparable to their bulkier commercial counter­
parts in certain scenarios.

A critical driver of these advancements lies in the deployment of reconstruction algo­
rithms, harnessing the progress in mathematics (20, 21), and compressive sensing tech­
niques (13, 14) These algorithms help overcome the tradeoff between sample number and 
performance caused by miniaturization (13), also known as the Nyquist–Shannon limi­
tation (14). Methods such as least absolute shrinkage and selection operator (LASSO) 
(15, 22), Tikhonov regularization (14, 16), and total-variation regularization (23, 24) 
have been applied to achieve high-performance reconstruction. Nonetheless, the quality 
of reconstructed spectra is heavily reliant on the precise selection of algorithm parameters 
(16, 25, 26), such as kernel functions and learning rates. Suboptimal parameter choices 
can distort reconstructed spectra, limiting their versatility across spectrum types and 
diminishing their usability in real-world applications (27).

On the other hand, mass production also presents a barrier to commercializing min­
iaturized reconstructive spectrometers (13, 28). The novel materials being explored could 
not be easily integrated with high-volume complementary metal-oxide-semiconductor 
(CMOS) fabrication processes commonly used in the semiconductor industry (5, 29–31). 
As a result, translating these lab-scale spectrometers into manufacturable devices with 
robustness, repeatability, and economies of scale remains a challenge since standard sem­
iconductor manufacturing processes cannot be fully leveraged in fabricating the minia­
turized spectrometers (32, 33).

Here, we present a miniaturized spectrometer design that integrates the merits of both 
conventional and reconstructive spectrometers. This enables bilevel optimization in recon­
structing spectra, creating a self-adaptive algorithm that provides accurate results universally 
across diverse spectral types. Specifically, we choose Fabry–Perot (FP) cavities integrated with 
silicon-nanomembrane (Si-NM) photodetector arrays to form a miniaturized spectrometer as 
an example due to the excellent CMOS-compatible process. This work demonstrates the D
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wafer-scale production of universal and robust miniaturized spec­
trometers with a self-adaptive reconstructive algorithm. By using a 
single unified algorithm without human parameter adjustment, this 
miniaturized spectrometer performs accurate reconstruction of both 
monochromatic and complex broadband spectra, as well as hyper­
spectral imaging.

Results

Working Principle and Device Design. Fig.  1A illustrates the 
working principle of a conventional spectrometer utilizing narrow 
bandpass filters to discriminate different wavelengths. The intensity 
at each wavelength is directly measured based on the amount of 
light that passes through the corresponding filter. This process 
can be described as “point to point”, resulting in a coarse but 
relatively accurate spectrum. Fig. 1B depicts the working principle 
of a typical reconstructive spectrometer. The spectrometer encodes 
the unknown spectrum into collected data. These data are then 
reconstructed into a spectrum through a supervised algorithm with 
parameters Φ. The algorithm finds the minimum cost function 
in the spectrum parameter space S, often via regularization 
methods like Tikhonov or total variation (14, 16, 23, 24). While 
this reconstruction can achieve high-resolution spectra, the result 
may be unstable since different choice Φ can lead to different 
minimum cost functions (24). It should be noted that while 
some regularization methods use constraints like generalized 

cross-validation (GCV) to optimize parameters (14, 26), key 
algorithm parameters like kernel functions and learning rate still 
rely heavily on human input (15, 16).

Fig. 1C demonstrates the working principle of a present self- 
adaptive spectrometer. In addition to encoding the spectrum  
into data for the algorithm, a coarse self-reference spectrum is pro­
vided by the spectrometer in a conventional manner. With this 
self-reference, a bilevel optimization can be achieved across both the 
spectrum parameter space S and algorithm parameter space Φ, and 
thus, the search for the minimum cost function encompasses higher 
dimensions. This enables identification of the global minimum cost 
function to reconstruct an accurate and stable spectrum through the 
automatic selection of the most optimal parameters.

The whole device is CMOS-compatible and can be fabricated 
through a wafer-scale process Fig. 1D shows the photodetector 
arrays fabricated on a 2-inch wafer before the FP cavity growth. 
Owing to the mature CMOS process, the resulting miniaturized 
spectrometer has a satisfying small footprint. Fig. 1E demonstrates 
a photograph of such a device on a fingertip. It is worth mentioning 
that the current size is limited by the feature size of the laboratory 
mask aligner, and by utilizing an industry-standard chip process 
with much smaller feature sizes, we can further shrink the size of 
the device. Fig. 1F shows the reconstruction results by using this 
self-adaptive spectrometer for some quasi-monochromatic lights, 
with a line width of approximately 6 nm, which match quite well 
with the results obtained from a commercial spectrometer. Although 

Fig. 1.   Self-adaptive spectrometer miniaturized by the wafer-scale process. (A) Working principle of a conventional spectrometer with narrow bandpass filters 
to discriminate different wavelengths. (B) Working principle of a typical reconstructive spectrometer: The unknown spectrum is encoded into data which an 
algorithm reconstructs into a spectrum. The algorithm finds a minimum cost function in spectrum parameter space S under supervised algorithm parameter 
Φ. The result depends on the chosen Φ. (C) Working principle of a self-adaptive spectrometer: In addition to encoding the spectrum and passing the data to the 
algorithm, the spectrometer also provides a coarse self-reference spectrum collected by using conventional methods. This self-reference guides the algorithm 
parameters to yield an accurate and stable result. The algorithm identifies the global minimum cost function across parameter spaces S and Φ. (D) The wafer-
scale fabrication of the miniaturized spectrometer. (The scale bar is 1 cm.) (E) The result miniaturized spectrometer on a fingertip. (F) Pseudo-monochromatic 
spectra reconstructed from our spectrometer from our self-adaptive miniaturized spectrometer utilizing all encoder channels (solid curves) and measured by 
a commercial spectrometer (dash curves). The line width of the input quasi-monochromatic light is approximately 6 nm.D
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the miniaturized spectrometer we obtained has a very small size, it 
still has excellent performance. Specific spectral resolution metrics 
are discussed in more detail later.

CMOS-Compatible Integration of FP Cavities. Fig. 2A outlines 
the manufacturing process for the self-adaptive spectrometer, 
entailing the following steps: 1) The process begins with an n-
type Silicon-On-Insulator (SOI) wafer. 2) The p-doped region is 
created through photolithography followed by ion implantation 
or thermal diffusion, establishing P-N junctions. 3) Further 
photolithography and reactive ion etching (RIE) techniques 
define the active region and segregate each photodetector. 4) 
SiO2 deposition via plasma enhanced chemical vapor deposition 

(PECVD) is employed to passivate the surface. 5) Via 1 for metal 
contact is formed using photolithography and HF etching. 6) 
The first metal layer is applied through photolithography and 
sputtering. 7) A photosensitive polyimide (PI) interlayer is then  
spin-coated, serving as a low dielectric constant insulator for 
electrodes. 8) Via 2 is outlined via photolithography. 9) The second 
metal layer is added using photolithography and sputtering. 10) 
The wafer is adhered to a Kapton film with Kwik-Sil and PI. 
11) Subsequently, the wafer is flipped, and the handle silicon is 
removed through inductively coupled plasma reactive ion etching 
(ICP-RIE) and XeF2 etching, with photolithography and RIE 
creating via 3 for signal readout. 12) Finally, multiple FP cavities 
are directly fabricated onto the buried oxide layer of the wafer 

Fig. 2.   CMOS-compatible fabrication of self-adaptive spectrometers, featuring seamless integration of optical cavities with tailored transmittance control 
(A) Procedures of the fabrication process of Si-NM photodetector array. (B) Schematic illustration of key functional layers of the self-adaptive miniaturized 
spectrometer within an exploded view. (C) Photo of a single miniaturized spectrometer with fan-out electrodes. (The scale bar is 2 mm.) (D) Optical image of the 
integrated FP cavities on photodetector array showing designed color gradient in horizontal direction and color purity gradient in vertical direction. Cavities with 
the highest color purity (greatest metal thickness) are designated for narrowband self-reference input. (The scale bar is 200 μm.) (E) A finite element analysis of 
optical field distributions in a typical cavity, highlighting strong resonance at 520 nm with a SiO2 thickness of 150 nm. (F) Color contour plot of the transmittance 
of FP cavities of a 4 × 10 array with designed transmittance. (G) Typical transmittance characteristics of FP cavities with Ag thickness of 40 nm and SiO2 thickness 
of 130 to 210 nm with a step of 20 nm.D
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in a single batch process. This comprehensive process, fully 
compatible with established semiconductor industry equipment 
and adhering to CMOS standards, renders the spectrometer ready 
for commercial production.

The completed self-adaptive spectrometer comprises the com­
ponents illustrated in Fig. 2B: 1) A top layer featuring arrays of 
diverse FP cavities. 2) A thermal SiO2 layer, derived from the 
buried oxide layer of the SOI wafer, electrically and optically iso­
lates the FP cavities from the photodetector layers. 3) Si-NM 
photodetector arrays, coupled with SiO2 for surface encapsulation. 
4) Two metal wire layers function as the bit and word wires for 
spectrum detection channel multiplexing, while a PI interlayer 
acts as a low dielectric constant insulator. 5) A substrate composed 
of ultrathin PI, Kwik-Sil, and Kapton film is designed for excep­
tional flexibility and to mitigate strain across the inorganic layers 
mentioned above. A detailed schematic cross-section of this min­
iaturized spectrometer is provided in SI Appendix, Fig. S1. The 
mechanically flexible design of the spectrometer may be particu­
larly advantageous for biomedical engineering applications, such 
as individual cell analysis and implantable cancer detection.

An optical image of the completed device is presented in Fig. 2C. 
The rainbow color pattern observed at the center of the device is 
attributed to the FP cavities. Fig. 2D shows the amplified view of 
the FP cavities integrated on the photodetector arrays. The image 
shows two types of optical property variations of the FP cavity array. 
Horizontally, optical cavities have an obvious change in the trans­
mission (and reflection) peak wavelengths, thus exhibiting different 
colors. Vertically along the image, the color purity or monochroma­
ticity changes gradually, which is caused by the change in the trans­
mission peak width of the microcavity. Experimentally, the position 
of the transmission peak wavelength can be tuned by controlling 
the thickness of the dielectric layer (SiO2) constituting the FP cavity, 
while the monochromaticity can be tuned by controlling the thick­
ness of the top and bottom metal reflective layers sandwiching the 
dielectric layer. Cavities with the highest color purity (greatest metal 
thickness) are designated for narrowband self-reference input. FP 
cavities featuring a metal-oxide-metal structure are employed here 
due to their straightforward fabrication process and the wide band­
width they offer.

A finite element analysis of the sandwiched structure gives an 
intuitionistic understanding of the mechanics of the cavities’ 
wavelength discrimination behavior (Fig. 2E). An FP mode res­
onance occurs when the phase change of the light wave after a 
round trip inside the SiO2 layer cavity is 2π with the first reso­
nant mode, while the higher resonance modes with an integer 
multiple of 2π. Owing to the low absorption of silver in the 
visible light region, a transmittance peak occurs. Fig. 2F demon­
strates the collective transmittance spectrum of 40 selected FP 
cavities (a 4 × 10 array) which are identical to those integrated 
on the final device (detailed transmittance data of each channel 
are shown in SI Appendix, Fig. S4). The upper region of the 
image represents those with a thicker silver thickness while the 
lower region represents the thinner ones. The thickness of the 
silver varies by groups: starting at 10 nm for filters #1 to 10, 
increasing to 20 nm for filters #11 to 20, 30 nm for filters #21 
to 30, and peaking at 40 nm for filters #31-40. Following this, 
the SiO2 layers start with a thickness of 270 nm for filters #1, 
#11, #21, and #31, and the thickness decreases progressively by 
20 nm for each subsequent group, culminating in a final thick­
ness of 90 nm for filters #10, #20, #30, and #40. Fig. 2G shows 
detailed transmittance spectra of 5 typical FP cavities with a 40 
nm silver layer. The increased transmittance of all these cavities 
in the near ultraviolet region occurs due to silver’s inherently 
higher transmittance at shorter wavelengths.

Self-Adaptive Spectrum Reconstruction. Fig.  3A depicts the 
self-adaptive spectrum reconstruction process achieved by our 
miniaturized spectrometer. Our miniaturized spectrometer has an 
additional set of narrowband channels for conventional spectrum 
measurement; thus, it provides two datasets of current for sensing 
the spectrum (SI  Appendix). The first set is the currents from  
the narrowband response channels, which can be considered as the 
scalar product of the spectral intensity at a certain band and the 
response of the channel responsible for that band, from which a 
definite but coarse spectrum can be easily obtained. The second 
set is the currents from all channels (including the narrowband 
ones), which is the integral result of multiplying the spectrum at 
each wavelength by the channel’s response:

	
[1]∫

�max

�min

S(�) ⋅ Ri(�)d� = Ii ,

where, �min and �max define the spectrometer’s operational 
wavelength range, S(�) is the unknown spectrum, Ri(�) is the 
responsivity of each channel, and Ii is the current output of each 
channel. This can also be seen as the inner product of two high-
dimensional vectors computationally:

	 [2]Rm×n × Sn×1 = Im×1,

where m represents the number of channels, and n represents the 
quantity of spectral segmentation (higher n means higher resolu­
tion). According to compressive sensing theory, the minimum 
required number of channels m can be estimated from

	 [3]m ≈ C ⋅ K log(n∕K ),

where a signal’s sparsity in the transform domain is K, and C is a 
constant related to the signal and the reconstruction algorithm, 
typically taken as 1. If we aim to reconstruct the visible light 
spectrum (400 to 800 nm) with an accuracy of about 1 nm, we 
can assume n is 400. Considering that the spectrum can be rea­
sonably approximated by the superposition of 10 Gaussian func­
tions, we can calculate that m ≈ 36 . We incorporated a slight 
redundancy, which is why we initially opted for 40 channels in 
our reconstruction.

Through traditional iterative methods, it is impossible to recon­
struct the spectrum from the currents, owing to the high dimen­
sionality of the vectors themselves and the inevitable noise in 
practical tests that makes the equations ill-posed (20, 21). By 
adopting Tikhonov regularization and other methods (13, 34), 
more credible solutions can be obtained, but they vary greatly 
with different algorithm parameters. In fact, different spectral 
shapes need different parameters to get optimal solutions, which 
have been well discussed in other literatures (16, 25, 26). Here, 
we introduce the spectral result obtained from the first dataset as 
a self-reference for the computational solution from the second 
current set, through which the algorithm adjusts various param­
eters by itself and obtains a stable result close to the real spectrum 
via inherent iterations. SI Appendix, Fig. S11 for more details on 
the algorithm workflow. Fig. 3B shows the overall responsivity 
across all channels utilized in our miniaturized spectrometer 
within the visible light range and Fig. 3C shows responses of typ­
ical channels, specifically channels #2, #12, #22, and #32. The 
final responsivity can be considered the element-wise product of 
the intrinsic responsivity of the Si-NM photodetectors and the 
transmittance of the FP cavities. Detailed response of each channel 
is demonstrated in SI Appendix, Fig. S12. Using the precalibrated D
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spectrum responses of the channels and the workflow in Fig. 3A, 
we can reconstruct unknown spectrum in the visible light region, 
as long as these spectra can be transformed into sparse vectors.

Fig. 3D serves as an example of reconstructing a halogen lamp 
spectrum, depicting the deviation between the reconstructed spec­
trum (with a kernel function parameter, σ, of 150) and the spec­
trum directly calculated from narrowband channels. The inset 
clarifies this comparison, spotlighting both the reconstructed and 
directly calculated spectra, along with the method for determining 
their respective deviations. A standard gradient descent process is 
utilized to minimize this total deviation, thereby optimizing the 
Kernel σ. Fig. 3E demonstrates that Kernel σ, irrespective of its 
initial values, tends to stabilize around 100 in the reconstruction 

process for a halogen lamp spectrum. Moreover, Fig. 3F illustrates 
the convergence of Kernel σ to distinct values in the spectral recon­
struction of both halogen lamp and white LED, starting from the 
same initial value. The corresponding reconstructed spectra are 
presented in Fig. 3G. We have also tested the system with common 
light sources such as Xenon, incandescent, fluorescent, and mer­
cury lamps (SI Appendix, Fig. S17). These outcomes emphasize 
the robustness and versatility of our approach. Unlike monochro­
matic sources, these broadband lights are typically challenging 
targets for miniaturized spectrometers to reconstruct due to their 
complex spectral details (14, 25). Our spectrometer autonomously 
selects optimal algorithm parameters through a bilevel optimiza­
tion process that considers both spectrum and algorithm 

Fig. 3.   Self-adaptive spectrum reconstruction utilizing both conventional and computational methods. (A) Schematic illustration of the self-adaptive algorithm. 
(B) Color contour plot of the spectral response matrix of the device. (C) Spectral response of typical channels presented in (B). (D) Total Deviation between the 
halogen lamp’s reconstructed spectrum (kernel σ = 150) and the spectrum calculated from narrowband channels across self-adaptation iterations. The inset shows 
the reconstructed spectrum, the directly calculated spectrum from the narrowband channels, and their corresponding deviations. (E) Convergence of Kernel σ 
to ~100 across self-adaptation iterations with varying initial values in the reconstruction of a halogen lamp spectrum. (F) Kernel σ convergence to distinct values 
in the reconstruction of halogen lamp and white LED spectra, starting from the same initial value. (G) Reconstructed spectra (solid curves) at various selected 
iterations and the final outcomes for a halogen lamp and a white LED. Dashed curves show the results measured by a commercial spectrometer.
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parameters, achieving superior performance compared to recon­
structions using arbitrary parameter selections, all without the 
need for external supervision or manual adjustment (SI Appendix).

By combining narrowband and broadband channels, our min­
iaturized spectrometer has demonstrated exceptional spectral 
reconstruction capabilities, significantly surpassing the perfor­
mance achieved by using only narrowband channels (SI Appendix, 
Fig. S18). The impact of the number of self-referencing channels 
on adaptive reconstruction, especially regarding its convergence, 
is illustrated in SI Appendix, Fig. S19. We adopted 10 self-reference 
channels with the FWHM (full width of half maximum) of 
around 36 nm to cover the whole calculating spectrum from 400 
nm to 800 nm. More reference channels like 15 could lead to an 
unnecessary overlap between referenced wavelength positions and 
might induce errors in calculation. It is noteworthy that although 
the structure of the FP cavity is sensitive to the angle of incidence, 
our miniaturized spectrometer can still accurately reconstruct the 
spectrum when the angle of incidence is known (SI Appendix, 
Figs. S20–S22). Additionally, when the incident light is known, 
such as in cases of monochromatic light, we can leverage their 
angle dependence to reconstruct the direction of the incoming 
light (SI Appendix, Figs. S23 and S24).

Performance of the Self-Adaptive Miniaturized Spectrometer. 
Wavelength resolution is a key parameter for spectrometers, 
especially for applications like wavelength meters or high-precision 
material identification. It is entirely feasible to record a high-
precision response matrix in advance to provide more precise 
spectrum reconstruction since the response matrix can be 
collected prior to spectrum testing. However, a larger response 
matrix introduces a great challenge of a significantly increased 
computational load on the backend. If a channel does not 

sufficiently respond to the spectrum under test, removing it will 
not impact the system’s performance and will simplify subsequent 
reconstruction calculations. For example, if we measure the spectral 
range between 400 nm and 500 nm, only effective channels among 
it are counted to reduce the computational load with the same 
level of accuracy. By automatically masking nonresponsive bands, 
our miniaturized spectrometer can invoke a high-density response 
matrix within the band of interest to complete subsequent 
calculations. During this process, the dimensions of the response 
matrix used for reconstruction are adjusted automatically without 
manual intervention. (SI Appendix, Fig. S25).

Fig. 4A shows an example of a high-density spectral response 
matrix in a 10 nm band of interest from 488 to 498 nm. The 
matrix has a finely calibrated step size of just 0.1 nm per step. The 
detailed responses of typical channels, namely channels #2, #12, 
#22, and #32, are featured in Fig. 4B Using this high-resolution 
response matrix, we accurately reconstructed monochromatic light 
sources (Fig. 4C). If a coarser response matrix is used, such as one 
calibrated at 5 nm intervals, the reconstruction results for mono­
chromatic light and other fine spectra will significantly deteriorate. 
This outcome is demonstrated in SI Appendix, Fig. S27. Fig. 4D 
shows the comparison between input peak wavelengths and output 
reconstructed peak wavelengths, exhibiting a good agreement. We 
further analyzed the deviation of our miniaturized spectrometer 
(Fig. 4E) and calculated the resolution at a given input peak wave­
length � : R� = �∕Δ� . Thus, we achieved an average wavelength 
deviation of approximately 0.27 nm and a resolving power as high 
as 5,806.

We further apply the traditional spectrometer resolution test 
on our miniaturized spectrometer: illuminating two monochro­
matic peaks simultaneously onto our spectrometer and gradually 
reducing the spacing between them to study the minimum spacing 

Fig. 4.   High performance of the miniaturized spectrometer. (A) Color contour plot of the high-density spectral response matrix after automatically masking 
nonresponsive bands. (B) Spectral response of typical channels presented in (A). (C) Monochromatic spectra reconstructed with our spectrometer (solid curves) 
and measured by using a commercial spectrometer (dashed curves). (D) Peak wavelengths of the reconstructed spectra versus ground truth input peak 
wavelength. (E) Deviation of reconstructed peak wavelengths (Top) and calculated wavelength resolving power. (F) Spectra of the mixture of two monochromatic 
light sources reconstructed with our spectrometer (solid curves) and measured by using a commercial spectrometer (dashed curves). The dotted vertical lines 
mark the locations of the resolvable dual incident peaks, which are separated with a wavelength distance of 2.5 nm.D
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at which our spectrometer can still resolve the two spectral lines 
(The experimental setup is shown in SI Appendix, Fig. S26). As 
shown in Fig. 4F, two peaks near ~518 nm with a separation of 
2.5 nm can be distinguished. This result indicates that our min­
iaturized spectrometer has performance comparable to that of 
commercial fiber optic spectrometers and other miniaturized spec­
trometers, while having orders of magnitude improvements in size 
and cost (SI Appendix).

Applications of Miniaturized Spectroscopy. The ultrasmall foot­
print of our miniaturized spectrometer enables potential uses. 
Traditionally, transmittance, absorption, and PL spectroscopy have 
been most widely used for their ability to determine matter and 
study electron structure (3), and here they can be performed in a 
miniaturized fashion. Fig. 5A depicts a scenario for transmission 
and absorption spectroscopies with a highly miniaturized setup 
by combining a microfluidic device and a broadband mini-LED. 
Here, we use two miniaturized spectrometers—one behind the 
sample droplet and the other behind the blank channel as a 

reference. This allows us to obtain two sets of current data, which 
were used to generate two spectra, i.e., Ssample and Sref  . Thus, the 
transmittance of the sample is easily calculated as T = Ssample∕Sref  . 
Similar to conventional ultraviolet (UV)-visible spectrophotometry 
(3), reflection from the sample is not considered in this testing 
configuration, thus the absorbance can be expressed through Beer–
Lambert law as A = log(1∕T ) . Here, Fig. 5B shows the transmittance 
spectra of vitamin B12 (cyanocobalamin) at a concentration of 0 
to 0.6 mg/L, and Fig. 5C depicts the corresponding absorbance 
spectrum. The reconstruction results match well with those from a 
commercial spectrometer, demonstrating a good reliability of our 
setup. In the scenario of the PL test (Fig. 5D), a UV mini-LED is 
used to excite PL from the sample in the microfluidic channel. A 
bandpass filter is placed in front of the miniaturized spectrometer 
so that the excitation light is blocked while the excited PL light 
can transmit through and illuminate the spectrometer. Fig.  5 
E and F show the reconstruction results from our miniaturized 
spectrometer for two common photoluminescence probes in 

Fig. 5.   Applications of miniaturized spectroscopy. (A) Configuration of miniaturized transmission and absorption tests by using a microfluidic channel as a liquid 
cuvette. A broadband mini-LED serves as the light source and two miniaturized spectrometers are utilized: one to collect the sample signal and the other for 
blank control. (B) Transmittance spectra obtained from our spectrometer (solid curves) and a commercial spectrometer (dash curves) of vitamin B12 solutions 
of different concentrations. (C) Absorption spectra calculated from (B). (D) Configuration of the miniaturized PL test. A microfluidic channel functions as the liquid 
cuvette, a mini UV-LED provides excitation, and a bandpass filter transmits PL while rejecting excitation light. (E) PL spectra obtained from our spectrometer 
(solid curve) and a commercial spectrometer (dash curve) for a rhodamine B solution of 5 mg/L. (F) PL spectra obtained from our spectrometer (solid curve) and 
a commercial spectrometer (dash curve) for a graphene quantum dot solution of 1 mg/mL. (G) Configuration of the hyperspectral imaging of our miniaturized 
spectrometer using single-pixel scanning. A broadband light source modified with red and blue color filters is focused through a lens and incident to the 
spectrometer pixel. (H) Hyperspectral images reconstructed at different wavelengths. The pixel intensity is normalized within each pixel.D
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the lab, i.e., rhodamine B and graphene quantum dots. One can 
also notice the good consistency with the results obtained from a 
commercial spectrometer.

A widely anticipated application of miniaturized spectrometers 
is engagement in hyperspectral cameras as individual pixels, ena­
bling acquisition of spectral information across the entire image 
with a single shot. Our miniaturized spectrometer is highly com­
patible with advanced CMOS processes and can be mass-produced 
at the wafer scale, making it particularly suitable for such applica­
tions. Here, we demonstrate proof-of-concept hyperspectral imag­
ing through single-pixel scanning (Fig. 5G). The imaging target here 
is a pattern with the letters “FD”, where the “F” and “D” regions 
are modified with different optical filters, while the rest of the image 
is almost completely transparent to visible light. With a white-light 
LED as backlight, a series of photocurrent data scanned at different 
positions with different channels are collected (SI Appendix, 
Fig. S28), forming a photocurrent data cube, and through the 
self-adaptive reconstruction process, a spectral-space data cube is 
achieved. Each pixel in the obtained hyperspectral image has a full 
spectrum associated with it. Fig. 5H shows the normalized spectral 
intensity at different wavelengths across the image. The spectral 
images show that the red filter blocks nearly all wavelengths from 
410 nm to 560 nm. In contrast, the blue filter primarily absorbs 
light from 610 nm to 670 nm, while still transmits near-infrared 
light at 800 nm. This information cannot be obtained by conven­
tional RGB or RYYB cameras or the human eyes. Similar absorption 
profiling capability has widespread applications in areas like rapid 
material detection and pharmaceutical analysis, expanding the 
immense potential of hyperspectral imaging.

Discussion

We introduce a unique approach that combines the advantages of 
conventional and computational spectrometers to achieve robust 
and accurate spectral reconstruction automatically, without the 
human supervision required in previous works. The entire system 
can be manufactured at the wafer scale by using the mature CMOS 
process, which is encouraging for reducing the traditionally high 
costs of spectrometer devices. An estimation of the cost for mass 
production of the self-adaptive miniaturized spectrometer chips 
is detailed in SI Appendix. Meanwhile, the mass production capa­
bility enables exploring their applications in areas such as medical 
testing, agricultural inspection, and smart dust (35). Furthermore, 
the size of the spectrometer could be significantly reduced by 
employing a mature 130-nm technology node (36). It allows  
the cavity pixel pitch to be compacted to a small size of around  
3 μm, which is the limit for effective resonance characters of FP 
cavities without introducing lateral effects (SI Appendix, Fig. S29). 
A 0.5 μm spacing could be sufficient for both pixel separation 
(SI Appendix, Fig. S30) and accommodating the readout circuit 
(37), allowing a single channel to fit within a 3.5 × 3.5 μm2 area. 
As a result, a spectrometer designed with 64 channels (8 × 8) could 
be compacted to an impressively small size down to around 28 × 
28 μm2. It should be noted that as the volume decreases, the 
device’s signal-to-noise ratio, dynamic range, and response speed 
will experience degradation. Therefore, a balance between foot­
print and performance should be determined based on actual 
requirements.

We demonstrate results using a platform of Si-NM phototran­
sistors and FP cavities, owing to their reliable performance and 
wafer-scale fabrication capabilities (38–40). FP cavities can be 
regarded as easily fabricated optical microcavities that readily attain 

the effect of narrowband filters used in conventional spectrometers. 
Moreover, it should be noted that with interdisciplinary advances, 
both the photodetection layer and the spectrum regulating layer 
could be replaced. For instance, 2D materials with excellent opto­
electrical properties (29, 41), like MoS2 and WSe2, could substitute 
for Si-NM. Likewise, novel photonic structures, including Bragg 
reflectors (42, 43) and photonic crystals (37), could replace the FP 
cavities. Thus, our approach is versatile and readily adaptable.

A trend in miniaturized spectrometers is adopting tunable or 
reconfigurable components (13, 44), such as tunable filters (45) or 
detectors (17). Specifically, our reconfigurability lies in the algo­
rithm, which is often fixed in previous works (16, 25, 26). The 
bilevel self-adaptive algorithm, enabled by the fusion of conven­
tional and computational schemes, demonstrates great flexibility in 
reconstructing diverse spectral types. Moreover, while lack of hard­
ware reconfigurability does hinder footprint reduction, emerging 
technologies like single-pixel imaging could mitigate this (46, 47). 
Moreover, in modern optoelectronics, the signal processing units 
rather than the sensors tend to dominate size (36, 48).

In conclusion, our miniaturized spectrometer system delivers 
great spectrum reconstruction ability while maintaining the com­
patibility of wafer-scale fabrication. This work offers a possible 
approach for computational spectrometer design to improve their 
robustness and versatility toward different types of spectra.

Materials and Methods

Fabrication of the Device. Fabrication began with a weakly p-doped SOI wafer 
(Soitec) comprising a 1,000 nm top silicon layer, 2,000 nm buried oxide layer, 
and 725 μm handle substrate. High-temperature (1,100 °C) diffusion doping 
formed the ~1019 cm−3 doped region. Photolithography and RIE defined the 
Si-NM patterns for each phototransistor functional region. Plasma-enhanced 
chemical vapor deposition (PECVD) and atomic layer deposition (ALD) depos-
ited a SiO2/Al2O3 stack gate dielectric (50/15 nm thickness). After opening vias 
through the dielectric at the source/drain regions, sputtering yielded 5/150 nm 
Cr/Au (first layer) and 10/500 nm Cr/Au (second layer). Photolithography and 
wet etching patterned the metal to form gate electrodes and interconnects. Spin 
coating of 1.6 μm photosensitive polyimide, patterned by photolithography, 
created a low dielectric constant insulator separating metal layers. Spin coating 
of ~2 μm polyimide was used as a buffer layer at the interface, and the device 
was then bonded to a ~14 μm Kapton film (DuPont) by using Kwik-Sil (World 
Precision Instruments). The handle layer was then removed by SF6/O2 induc-
tively coupled plasma (ICP) RIE and XeF2 etching after flipping the samples. 
Finally, photolithography and RIE opened contact windows in the BOX layer, 
completing the fabrication process. FP cavities were then grown with a lab-
modified e-beam evaporator with two linear stepper motors. One motor was 
used for deposition of stepped Ag reflective layers with thicknesses of 10 to 40 
nm (step: 10 nm), while the other was used for deposition of stepped SiO2 layer 
with thicknesses of 90 to 270 nm (step: 20 nm). Two hardmasks were used to 
define the FP cavity regions.

Optoelectronic Performance Tests. Output and transfer properties were 
characterized by using a precise source meter (Keysight B2902B). Optoelectronic 
performance was evaluated under 450 nm laser irradiation (Lei Ze Electronics) mod-
ulated via optical attenuators (Oeabt Optics). Irradiation power was calibrated with 
an optical power meter (Thorlabs PM100D). Responsivity time was measured on 
an oscilloscope (Tektronix TBS2000) with a pulsed laser irradiation modulated by a 
signal generator (Keysight 33500B). The response matrix was calibrated by using a 
tunable light source with an exit slit of 1 mm or 0.1 mm (Zolix TLS300X). Electrical 
signals were amplified (SRS 570) and measured on a lock-in amplifier (SRS 830) 
while modulated with an optical chopper (SRS 540). The response matrix calibration 
was automated through a LabVIEW program. Noise spectral density was tested by 
using a semiconductor parameter analyzer (Primarius FS-Pro).
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Reconstruction of Spectra. Quasi-monochromatic light was provided by a 
tunable light source (Zolix TLS300X) with a 2 mm exit slit. Complex broadband 
spectra were provided by a halogen lamp and a white LED (both from Ideaoptics). 
The dual-peak spectrum for spectral resolution testing was generated by com-
bining tunable light around 520 nm with a 520 nm laser. Their intensities were 
modulated via attenuators. Reference spectra were measured by using a fiber 
spectrometer (Ideaoptics PG2000-Pro) for comparison with reconstruction results. 
Current data from the miniaturized spectrometer were processed through a 
MATLAB program to achieve the reconstructed spectra.

Data, Materials, and Software Availability. All study data are included in the 
article and/or SI Appendix.
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