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1 Comparison of different snapshot
hyperspectral imaging techniques

We briefly review the existing snapshot hyperspectral imaging techniques and
compare them with our work in terms of spatial resolution, spectral reso-
lution, and spectral range to clarify the differences in the Extended Data
Tab. 1. Based on different integration types, we classify the snapshot spec-
tral imaging approaches into two categories: (i) system integration and (ii)
on-chip integration. System integration employs separate optical components
for hyperspectral imaging. Although these systems effectively improve tem-
poral resolution, achieving broadband high-resolution hyperspectral imaging
remains challenging, resulting in poor universality and flexibility. On-chip inte-
gration can offer more compact and potentially lower-cost solutions. However,
existing on-chip techniques suffer from low resolution and low light throughput,
which prevents their practical applications in high-resolution hyperspectral
imaging.

The main contribution of this work lies in reporting a low-cost on-chip
computational hyperspectral imaging architecture with high light throughput
and high resolution over a wide wavelength range. To validate the effectiveness
of this architecture, we fabricated two visible-near-infrared (VIS-NIR) range
hyperspectral sensors: HyperspecI-V1 (400-1000 nm) and HyperspecI-V2 (400-
1700 nm). The acquisition frame rate of HyperspecI-V1 is 47 frames per second
(fps), with a reconstruction frame rate of 31 fps (61 channels with 2048 x2048
pixels). For Hyperspecl-V2, the acquisition fps is 134, with a reconstruction
frame rate of 105 fps (96 channels with 1024x1024 pixels). These sensors are
capable of real-time acquisition in the VIS-NIR spectral range, making them
a readily available alternative to existing cameras for various applications.

2 Broadband spectral modulation materials

Under the proposed Hyperspecl architecture, we have initially investigated
the possible available material systems for BMSFA, including semiconduc-
tor materials (nano-metal oxides, quantum dots), organic dyes, carbon-based
nanomaterials, nano noble metals (gold nanorods), etc. However, by a prelimi-
nary demonstration of the experiment, we found that some of the materials are
not suitable or cannot produce the optimal performance. Specifically, through
the literature study and our experiment, we observed challenges in achiev-
ing the integration of quantum dots into micro-nano arrays and fluorescence
quenching, resulting in suboptimal modulation effects. Moreover, carbon-based
nanomaterials face challenges in realizing arrays with diverse light modulation
characters, and integration proves challenging, with limitations in achieving a
broad working wavelength. Similarly, nano noble metals exhibit aggregation
during preparation and fabrication, posing an impact on light modulation per-
formance. We further compared the specific performance of several potential
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material systems in broadband spectral modulation through material prepa-
ration and testing. Obtain a large number of materials that can be used for
broadband spectral modulation as basic candidate materials through experi-
ments and large-scale preparation. Then we selected the optimal combination
from the candidate materials through the proposed material-optimized selec-
tion method for preparing BMSFA. The specific experimental process is shown
below.

2.1 Material preparation

Through a comprehensive exploration of the existing literature and our accu-
mulated research experience in light modulation materials, we have gained
valuable insights into the spectral modulation effects within the visible and
near-infrared bands. We learned that carbon nanomaterials [S1, 2], quan-
tum dot materials [S3], organic dyes, nano-metal oxides, nano-precious metals
[S4] exhibit potential effective spectral modulation effects in the visible and
near-infrared band. Considering the spectral modulation properties, material
size, stability, low cost large-scale preparation capability and CMOS process
compatible of the aforementioned materials, we focused on GNDs, nano-
metal oxides, and organic dyes. Nano-precious metals emerge as promising
materials owing to their outstanding light modulation effects. Specifically,
gold nanospheres and gold nanorods (GNDs) exhibit controllable transmis-
sion spectrum ranging from 500 nm to 1800 nm, making them possiable to
meet our requirements. Nano-metal oxides and composites doped with rare-
earth metals exhibit a remarkable light modulation effect despite the challenge
of controllable modulation, such as tungsten oxide [S5], tin antimony oxide
[S6], cesium tungsten bronze [S7], etc. Moreover, their stability and particle
size also meet our expectations. Organic dyes stand out as visible and near-
infrared light modulation materials due to their stable chemical properties
and significant absorption signature, such as cyanine dyes [S8], phthalocya-
nine dyes [S9], quinone dyes [S10], azo dyes [S11], metal complex dyes [S12],
etc. These organic materials exhibit a good controllability of spectral modula-
tion and well-established production process. Additionally, their solubility in
common organic solvents facilitates integration into semiconductor processing
workflows.

The following are experiments conducted for these three materials.

1. GNDs

GNDs are rod-shaped nanoparticles composed of gold, characterized by
adjustable absorption peaks and stable chemical properties. Their absorption
peak can be shifted from 500 nm to 1800 nm by adjusting their aspect ratio
[S13]. In this study, we fabricated oil-soluble GNDs with an absorption peak of
1600 nm and a concentration of 0.1 mg/ml. However, the spectral modulation
effect of GNDs was not observed when the spin-coated material reached several
micrometers, as their transmission remained consistently above 90%.
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To further evaluate the feasibility of GNDs, we utilized centrifugation to
concentrate the GNDs solution, leading to a five-fold increase in concentra-
tion. However, the transmission spectra of the concentrated GNDs solution
remained around 90%, comparable to the previous concentration. Despite our
efforts to further increase the concentration, we faced sedimentation issues at
higher concentrations.

2. Organic dyes

We validated the spectral properties of 23 organic dyes using spectropho-
tometer, after curing them on a quartz substrate with a spin coating thickness
of 10 nm. The 23 types of organic dye (OD) are named as OD-480, OD-520,
OD-560, OD-580, OD-590, OD-600, OD-610, OD-620, OD-630, OD-660, OD-
680, OD-700, OD-740, OD-780, OD-800, OD-810, OD-820, OD-830, OD-840,
0D-890, OD-920, OD-950, OD-970. These organic materials exhibit remark-
able light modulation properties at specific wavelengths, as shown in Extended
Data Fig. 9d, mainly comprising cyanine dynes, phthalocyanine dyes, quinone
dyes, azo dyes, metal complex dyes, etc.

In order to prepare them into photolithography compatible materials, we
directly mixed 0.2 g of each organic dye with 20 ml of photoresist and utilized
an ultrasonic liquid processor (NingHuai NH-1000D) at room temperature. To
ensure complete dissolution and remove impurities, the mixed solution was fil-
tered using 3 pm pore size filters. Subsequently, we applied the mixed solution
onto the quartz substrates, and the test smears formed at 4000 rpm on the
spin coater. Then, we measured the transmission spectra of these smears using
spectrophotometer (PerkinElmer Lambda 950) at 200-1700 nm. As shown in
Extended Data Fig. 9d, the organic dyes exhibit prominent light modulation
spectra between 400-1200 nm. This confirms the exceptional suitability of
organic dyes for achieving spectral modulation within the 400-1200 nm range.

3. Nano-metal Oxides

We prepared and tested the broadband spectral modulation characteristics
and preparation compatibility of nano-metal oxides. These nano-metal oxides
include blue tungsten oxide (WO3.99) [S5], cesium tungsten bronze (CsxWO3)
[S7], antimony tin oxide [S6] (ATO), samarium oxide (SmgOgz) [S14], cerium
oxide (CeOz) [S15] and yttrium oxide (Y2O3) [S16]. We individually mixed 0.5
g of each material powder with 3 ml of photoresist and stirred them using an
ultrasonic liquid processor for 15 minutes at room temperature. Subsequently,
we evaluated the uniformity of each mixture to assess their applicability. The
unfiltered solution displayed the color of the material powder, while the fil-
tered solution appeared significantly lighter. This could be attributed to the
material powder aggregating in the photoresist, forming larger particles that
were subsequently filtered out. The filtered samples failed to produce any spec-
tral modulation effect, as the spectral curves closely resembled those of pure
photoresist smears, indicating a low concentration of filtered solutions.

To further evaluate the modulation capability of the nano-metal oxides,
we decided to increase the concentration and avoid filtering the solutions. We
individually mixed 1 g of each material powder with 3 ml of the photoresist,
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and stirred the mixture using the ultrasonic liquid processor at room temper-
ature for 15 minutes. the resulting smears exhibited a substantial thickness.
The transmission of the smears in the near-infrared band was nearly negli-
gible, while the transmission of the photoresist exceeded 90%, indicating an
excessively high concentration.

We optimized the thickness of the smears. Furthermore, we employed dif-
fuse reflection measurement to address the light blockage issue caused by
the increased thickness of the smears. Although WO5 g9, CsxWO3 and ATO
materials exhibit some light modulation characters in the near-infrared band,
the spectral curves lack significant modulation signature. On the other hand,
Y203, CeO2, Sms0O3 demonstrate spectral curves remarkably similar to that
of the sample holder, indicating minimal light absorption. The dark-colored
materials, such as WOs. g9, Cs, WO3, ATO, exhibit pronounced light absorp-
tion compared to the light-colored materials, such as Y303, CeOz, Sms0O3.
Hence, nano-metal oxides can provide light spectral modulation effects in the
near-infrared band, with dark-colored materials possessing higher absorption
capacities than the light-colored materials.

In order to disperse nano-metal oxides at appropriate concentrations, we
introduced dispersants. These dispersants effectively scatter the nano-metal
oxide powder, reducing the formation of clumped particles and promoting
the creation of a stable material dispersion fluid. This approach addresses
the issues of filtration and concentration by diluting the solution. A widely
used dispersant in the industry is Propylene Glycol Methyl Ether Acetate
(PGMEA), which functions as both a dispersion agent and a diluent for pho-
toresist. PGMEA facilitates the dispersion of the nano-metal oxide powder
while simultaneously aiding its integration with the photoresist.

We mixed 40 g of each material powder with 160 g of PGMEA respectively.
The mixture underwent dispersion for 48 hours using the ultrasonic liquid pro-
cessor at room temperature, resulting in material dispersion fluids with a mass
fraction of 20%. To determine the optimal concentration, we prepared 5 con-
centration gradients for ATO, SmsO3, and CeO,. For each material, we mixed
3 ml of the corresponding material dispersion fluid with 3 ml, 6 ml, and 9 ml
of photoresist. The mixture was then stirred for 15 minutes using the ultra-
sonic liquid processor at room temperature, yielding material solutions with
volume ratios of 1:1, 1:2, and 1:3. Additionally, we mixed 3 ml of each material
dispersion fluid with 0.2 g and 0.4 g of material powder, along with 3 ml of
photoresist. After stirring the mixture for 15 minutes using the ultrasonic lig-
uid processor, we obtained each material solution with volume ratios of 1:1 and
respective material powder amounts of 0.2 g and 0.4 g. Spectrophotometers
were employed to measure the samples of the aforementioned five concentra-
tions (Extended Data Fig. 9b). The samples and their corresponding results
are presented separately in Extended Data Fig. 9e-f. It was observed that
Ce03, Smy03 did not exhibit spectral modulation capability within the range
of 1000 nm to 1700 nm under a coating thickness of approximately a dozen
microns. ATO showed varied spectral curves within the 1000-1700 nm range,
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indicating a favorable spectral modulation capability at concentrations of 1:1
and 1:2. This experiment verifies that light-colored materials possess limited
spectral modulation capability under a coating thickness of a dozen microns,
whereas dark materials perform significantly better. Therefore, light-colored
materials do not meet our requirements.

We further conducted tests on dark metal oxides in close proximity to
Indium, Tin, and Tungsten. These nano-metal oxides include CoO, PrgO |
TiO3/Ag, CuO, ZnO, Fe;03, NiO, Nd2O3, MnO and CraO3. We mixed 40 g of
each material powder with 160 g PGMEA respectively. Following a dispersion
process of 48 hours using the ultrasonic liquid processor at room temper-
ature, we obtained material dispersion fluids with a mass fraction of 20%.
Subsequently, we mixed 3 ml of dispersion fluids from 12 different materials
(including the newly introduced materials along with WOs g9, Cs, WO3) with
3 ml photoresist, respectively. The mixture was stirred for 15 minutes using the
ultrasonic liquid processor at room temperature. The variation of MnO and
Cr303 in the curves exhibited satisfying modulation capability. However, the
concentration was deemed unsuitable for 7 materials, namely CoO, TiOy/Ag,
Zn0, NiO, Nd;03, CsxWO3 and PrOj. Therefore, multiple concentrations
need to be configured. The remaining materials yielded unfavorable results.
To address the issue of inappropriate concentration, we mixed 3 ml of each
material dispersant with 3 ml, 6 ml, and 9 ml photoresist separately. These
mixtures were stirred for 15 minutes using the Ultrasonic liquid processor at
room temperature. The outcomes are displayed in Extended Data Fig. 9e-f.
Notable modulation effects were observed for TiOy/Ag, Csy,WO3, CoO at a
concentration ratio of 1:2.

2.2 Optimized material selection

We have an evolutionary optimization method to determine the filter number
and select the optimal materials for BMSFA fabrication, as detailed below.

1. The evolutionary optimization method for filter selection and
BMSFA design.

The design of BMSFA for light modulation is crucial for high-precision spec-
tral reconstruction. The key factors in BMSFA design include the transmission
spectra of materials and the number of modulation filters. The BMSFA design
process includes the following steps: initial coarse selection of spectral modu-
lation material system, fine-grained selection of spectral modulation materials,
and numerical simulation of BMSFA.

Within the material system of organic dyes, thousands of materials with
different transmission spectra in the spectral range of 400-1200 nm can be
obtained through molecular structure design [S17-19]. For nano-metal oxides,
hundreds of materials with different transmission spectra in the near-infrared
range can be obtained by changing their particle size, shape, and dispersion
concentration [S20]. Considering low large-scale manufacturing cost and high
light modulation performance, we prepared ~50 organic dyes and ~20 nano-
metal oxides. With further considerations after curing the materials on a quartz
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substrate with a spin coating thickness of 10 pm in our BMSFA fabrication,
we finally determined candidate 23 organic dyes and 12 nano-metal oxides
with appropriate spectral characteristics as shown in Extended Data Fig. 8d.
Next, we developed the evolutionary optimization method to select materials
for experiment fabrication of BMSFA.

Second, we focus on the fine-grained selection of spectral modulation mate-
rials among the two material systems, which involves selecting the optimal
filter combination from the 23 organic dyes and 12 nano-metal oxides men-
tioned above to form the filter unit of BMSFA. We developed an evolutionary
optimization based method [S21] to choose specific materials to achieve the
highest reconstruction precision. The schematic of this method is presented
in Extended Data Fig. 8a, which includes the following steps. The computa-
tional complexity of such an evolutionary optimization based material selection
method is O(n).

(1) Construct a large-scale hyperspectral image dataset, which includes spec-
tral data of various scenes and illumination conditions in the spectral
range of 400-1700 nm.

(2) Compress the spectral image dataset along the spectral dimension using
the PCA technique [S22] to obtain data distribution maps and reconstruc-
tion errors (as shown in Extended Data Fig. 8e¢) in different compressed
low dimensional spaces. Analyze the spectral sparsity of hyperspectral
data and define a potential low dimensional spectral space with dimension
n (because observation spaces of different dimensions have different recon-
struction accuracy, we define dimensions within a range that constitutes
a set of dimensions).

(3) Sequentially select different spectral dimensions as the number of modu-
lation materials and select the materials based on this number.

(4) Start material selection based on evolutionary optimization. Select a sub-
set of spectral modulation materials from the material database as the
initial selection, and then replace some of the materials through survival of
the fit, crossover, mutation, and random replacement operations to update
a new subset of materials. Continuously repeat the above process until
the reconstruction accuracy using the updated material subset converges
to the best level in the aforementioned spectral dataset. In our implemen-
tation, we used the CVX-ECOS solver for spectral reconstruction, and
employed spectral fidelity to evaluate reconstruction accuracy.

(5) Repeat (3) - (4) steps to evaluate the spectral reconstruction accuracy
for different filter numbers, and plot the relationship map between spec-
tral reconstruction accuracy and the subset of materials to determine the
optimal number of filters.

2. Explanation of the rationality of the determined number and
selection of filters.

Through the above material selection process, we obtained the optimal
filter combinations of different filter numbers. We further evaluated the spec-
tral reconstruction accuracy under different number of materials (i.e. filters).
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As shown in Extended Data Fig. 8d, we can see that in the range of 400-
1000 nm, the spectral accuracy tends to converge when there are more than 5
organic dye filters, and there is almost no significant change of spectral accu-
racy when the number is greater than 12. For the range of 1000-1700 nm, the
spectral accuracy gradually converges when there are more than 4 nano-metal
oxide filters, and the accuracy remains almost unchanged when the number is
greater than 7. Therefore, considering the tradeoff between spectral accuracy
and spatial resolution of the BMSFA, we selected 10 organic dyes and 6 nano-
metal oxides to achieve an approximately optimal selection. Together with the
powerful SRNet algorithm, such optimized BMSFA achieved high-resolution
hyperspectral imaging in the wide spectral range of 400-1700 nm.

3. The performance of the BMSFA using the selected filters.

Using the above selected filters, we evaluated the spectral accuracy of this
BMSFA under different measurement noise levels. Table S1 shows the spectral
accuracy under different input SNRs with the selected 10 organic dyes and 6
nano-metal oxides at different spectral ranges. We can see that the BMSFA
produced high spectral fidelity even in low SNR conditions.

Tab S1: The spectral accuracy under different input SNRs with the selected
10 organic dyes and 6 nano-metal oxides at different spectral ranges.

Spectral range

Input SNR
400-1000nm  1000-1700nm  400-1700nm
INF 99.20% 98.82% 98.97%
30 dB 98.32% 97.93% 98.21%
20 dB 97.97% 97.09% 97.53%
10 dB 93.53% 92.37% 92.64%

The spectral modulation materials to fabricate the BMSFA in our proto-
type are composed of organic dyes and nano-metal oxide materials. Due to
the efficient manufacture and preparation of organic dyes, we achieved effec-
tive and controllable spectral modulation in the spectral range of 400-1200
nm. As the manufacture of organic dyes above 1200 nm is challenging, we
further prepared nano-metal oxide materials that played a dominant role for
spectral modulation at 1200-1700 nm. Besides, following the above method,
we selected the optimized filter number and the corresponding materials from
the two material systems.

We analyzed the effective dimensions of different spectral ranges using the
data dimensionality reduction technique, as shown in Extended Data Fig.8
and Tab.S1. We measured 100,000 sets of realistic hyperspectral data in the
range of 400-1000 nm and 1000-1700 nm. For spectra with a sampling rate
of 10 nm in the range of 1000-1700 nm, we can achieve a spectral accuracy
of over 95% using 5 spectral modulation materials. In the spectral range of
400-1000 nm, at least 6 spectral modulation materials are required to achieve
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this accuracy. Our BMSFA design coincides with the analysis, leading to satis-
factory hyperspectral imaging performance for both visualization and various
applications.

3 Hyperspecl fabrication
3.1 BMSFA fabrication

This section focuses on the fabrication of the broadband multispectral filter
array (BMSFA), which includes a series of processes of photoresist dissolution,
photomask design, substrate preparation, photoresist coating, soft bake, UV
exposure, post-exposure bake, development, and hard bake. The BMSFA is
a crucial component of our Hyperspecl sensor, which modulates the spectra
of incident light. Firstly, materials with different spectral modulation proper-
ties were dissolved in photoresists after filtration. This resulted in photoresists
with different spectral modulation characteristics. Subsequently, we dropped a
solvent of one kind of photoresist onto the quartz substrate, ensuring uniform
distribution of the photoresist containing spectral modulation materials using
a spin coater (Helicoater, HC220PE). Next, we employed UV photolithography
to cure the photoresist containing a kind of modulation material at the special
position of the quartz substrate. This process was repeated for different mod-
ulation materials using a designed photomask. Finally, we poured pure SU-8
photoresist onto the finished substrate, completing the photolithography pro-
cess through photoresist coating, soft bake, UV exposure, post-exposure bake,
and hard baking. The specific steps are as follows:

Step 1: We mixed 16 spectral modulation materials with photoresist at a
rate of 10 mg/ml for each material. The mixed photoresist solution was allowed
to stand and then filtered using 3 pm pore size filters to remove undissolved
impurities. This resulted in 16 types of photoresists with distinct spectral
modulation characteristics.

Step 2: The quartz substrate was secured onto the spin coater, and the
photoresist was evenly dropped onto the substrate using a pipette in a spiral
outward manner from the center for diffusion. After applying an adequate
amount of photoresist, the spin coater was set to a uniform rise speed of 10 s
up to 4000 rad/s, followed by a 60 s uniform rotation for leveling. This process
ensured uniform attachment of the material to the substrate with consistent
thickness. After photoresist coating, we put the substrate on a hot plate at
95°C for a soft bake of 5 minutes to enhance the adhesion of the photoresist.
Following the soft bake, the substrate was positioned in the photolithography
machine (SUSS MA6 Mask Aligner, SUSS MicroTec AG). We then installed
the designed photomask and selected the appropriate microscope head. As
shown in Extended Data Fig. 7d, the photomask consists of a series of basic
structural units with a size of 10 nm, and the distance between different units
is 40 pm. The exposure dose of the UV lithography machine is 1,000 mJ/cm?.
After UV exposure, we placed the substrate back on the 95°C hot plate for
a post-exposure bake of 10 minutes. The step in negative photoresist (SU-8)
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lithography aimed to enhance crosslinking in the exposed areas and promote
the removal of unexposed regions. Additionally, post-exposure bake can also
reduce the standing wave effect and improve overall resolution and fidelity of
the desired pattern. Then, we placed the substrate in the developer to remove
the photoresist from the unexposed portion. After development, the developer
solution is quickly dried using compressed air. Finally, the substrate was placed
on a hot plate for a hard bake at 150°C for 5 minutes, followed by natural
cooling. This resulted in a substrate engraved with the desired material in the
designed positions.

Step 3: The substrate was placed back in the spin coater for the appli-
cation of the second photoresist containing a different spectral modulation
material. The photoresist coating and soft bake were repeated. Subsequently,
the substrate was aligned with the slot mark to achieve pre-alignment of the
lithography machine. The microscope was then utilized to locate and focus
the alignment mark. Afterward, we adjusted the X/Y direction or under-
went 6 angle rotation to align the photomask version with the substrate. The
mask alignment table was adjusted to position the photomask precisely, and
the vacuum exposure mode was selected. Following exposure, the process of
post-exposure bake, development, and hard bake as in step 2, was repeated
to cure the spectral modulation materials onto the substrate. This process
was replicated to complete the photolithography process for the remaining 14
materials.

Step 4: After completing the photolithography process with 16 different
spectral modulation materials on the substrate, we filled the gaps between
different material points using pure SU-8 photoresist to ensure a smooth sur-
face. We utilized the flood exposure mode of the SUSS MA6 photolithography
machine to expose the substrate with SU-8 photoresist for 60 s, followed by
the hard bake process to solidify the surface. This step effectively prevents the
concentration of light caused by the unevenness of the lithographic substrate.

By following the aforementioned steps, the BMSFA was prepared for our
hyperspectral imaging sensor. We constructed a 4 x 4 array arrangement of
the BMSFA with each material unit of 10 pm in size, incorporating 16 dis-
tinct broadband spectral modulation materials spanning the VIS-NIR spectral
range. For BMSFA production, we utilized 4-inch substrates, each containing
40 low-cost BMSFAs (Extended Data Fig. 7e).

3.2 Hyperspecl sensor integration

The spectral modulation effect of our sensor is achieved by integrating a
BMSFA onto the sensor surface. Placing the BMSFA on the image plane and
relaying it to the sensor plane using a bulky relay lens is a commonly used but
cumbersome method. It often leads to severe vignetting in large field-of-view
imaging. In order to achieve the best integration of our Hyperspecl sensor, we
adopted a different approach. We utilized a laser engraving machine to remove
the packaging glass from the monochrome sensor. Then we cured the BMSFA
onto the sensor surface using photoresist under UV lighting, ensuring optimal
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sensor integration. Extended Data Fig. 7b-c shows the overall information of
the integrated sensor.

4 Modeling and calibration of Hyperspecl
4.1 The modeling of Hyperspecl

Hyperspecl sensor follows the principle of snapshot compressive sensing imag-
ing [S23, 24|, where the spatial-spectral data cube from the target scene is
encoded through the BMSFA and quantized for acquisition as 2D measure-
ment on the monochrome image sensor. This process can be described as a
linear process of degradation of 3D data into 2D, where BMSFA acts as a
linear degradation operator and also as a measurement matrix in compressed
sensing theory. The compressed sensing matrix represents the essential char-
acteristics of the sensor on spatial-spectral modulation, which is the key to
the sampling process modeling and hyperspectral image reconstruction. The
forward process is expressed in mathematical form as follows:

A2
b(h,w)://\ r(hyw, \)d(h,w, \)c(h, w, \)d\ (S1)

where b(h,w) denotes the measurement captured by the sensor at the (h,w)
position pixel, d(h,w,\) denotes the spectral transmissivity of BMSFA at
position (h,w) and wavelength A, and c(h,w,\) denotes spectral response
of optical systems such as monochromatic sensors and camera lenses. By
discretizing the above process, we can get

M
Bhw = Z Riwk ©Dhwi © Chawk +Npw (52)
k=1

where © denotes element-wise multiplication, Ny, ,, denotes the measurement
noise, and k is the discrete spectral wavelength, M is the number of the spectral
channels. After vectorizing b = vec(B), r = vec(R), H = vec(D ® C), and
n = vec(N), Eq. (S2) can be expressed as

b=Hr+n (S3)

where H denotes the sensing matrix of the BMSFA camera. The accurate
measurement of the sensing matrix H is a necessary condition for achiev-
ing high-precision spectral reconstruction. Although the spectral responses
of BMSFA, monochrome image sensors, and imaging lenses were considered
separately during the design stage, the H matrix synthesized solely through
numerical simulation has a large error, and thus requires actual calibration.
Considering that calibration is a tedious and time-consuming process, and in
order to achieve automated calibration of multiple sensors, we designed an
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automatic calibration system based on Omnol51 monochromator that can
automatically obtain the compressed sensing matrix H of the sensors to be
calibrated by only placing them in the calibration light path.

4.2 The calibration of Hyperspecl

As shown in Extended Data Fig. 7f-g, we used a monochromator (grat-
ing monochromator, Omnol51, working range 200-2000 nm) to generate
monochromatic light with a full width at half maximum (FWHM) of 10 nm
at the target spectral wavelength. The monochromatic light was uniformly
irradiated onto a power meter probe (Thorlabs S130VC, S132C) and the
surface of the Hyperspecl sensor after passing through a collimated opti-
cal path. In the automated calibration process, a program we developed was
used to control the output wavelength of the monochromatic light from the
monochromator, acquire the power meter value, and save the corresponding
two-dimensional response values of Hyperspecl sensor under the certain wave-
length of monochromatic light. This process was repeated for each wavelength
from A1 to Ay to eventually automatically generate the measurement matrix
H.

4.3 The performance of sensor chip

To be more specific, we employed the SONY IMX264 and SONY IMX990
chips to independently achieve hyperspectral imaging in the spectral ranges
of 400-1000 nm (Hyperspecl-V1) and 400-1700 nm (Hyperspecl-V2). The
performance analyses were conducted for each sensor as follows.

(1) The IMX264 chip is silicon-based with a spectral range of 400-1000 nm.
It has a spatial resolution of 2448 x 2048 pixels (we used the central 2048 x
2048 pixels for hyperspectral imaging), a maximum frame rate of 47 frames
per second (8-bit), utilizes a global shutter, features a 2/3-inch sensor size, and
has a pixel size of 3.45 pm x 3.45 pm. The dynamic range is 72 dB.

Using the IMX264 chip, our Hyperspecl-V1 sensor obtains 61 spec-
tral channels with a 10 nm interval over the 400-1000 nm range. Utilizing
Hypersepcl-V1, we conducted hyperspectral reconstructions in both outdoor
and laboratory settings, as illustrated in Fig. 2a of the Main Manuscript and
Extended Data Fig. 3. To further validate the sensor’s performance, we con-
ducted multiple application experiments including fruit sugar detection (with
characteristic peaks at 680 nm and 970 nm [S25-27]), chlorophyll content
detection (with characteristic peaks at 660 nm and 720 nm [S28]), and blood
oxygen detection (with characteristic peaks at 780 nm and 830 nm [S29], as
shown in Supplementary Section 7 and 8.

(2) The Sony Indium Gallium Arsenide chip IMX990 further extends the
spectral range to 400-1700 nm. This chip has a 1/2-inch sensor size, a pixel
size of 5 pm x 5 pm, a spatial resolution of 1280 x 1024 pixels (we used the
central 1024 x 1024 pixels for hyperspectral imaging), and a dynamic range
of 51.5 dB.
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Using the Sony IMX990 chip, we fabricated the Hyperspecl-V2 sensor,
enabling hyperspectral imaging spanning from 400 to 1700 nm. To the best
of our knowledge, it currently stands as the most expansive spectral detection
range achievable through a single detector within the VIS-NIR range. Even
mechanical scanning hyperspectral cameras based on grating or prism are lim-
ited to achieve such wide spectral detection through a single detector (typically
requiring the stitching of different sensors and gratings) [S30-32]. Utilizing
the Hypersepcl-V2 sensor, we conducted spectral reconstructions in both out-
door and laboratory settings, as depicted in Fig. 2a of the Main Manuscript
and Extended Data Fig. 3. To further validate the performance of this sensor,
we conducted textile fabric identification and apple bruise detection experi-
ments, as illustrated in Fig. 6 of Main Manuscript. The cotton fabrics exhibit
prominent feature peaks/valleys around 1220, 1320, and 1480 nm, while the
polyester fabrics demonstrate distinct feature peaks/valleys near 1320, 1420,
and 1600 nm [S33, 34]. Apples exhibit distinctive spectral characteristics near
wavelengths of 1060 nm, 1260 nm, and 1440 nm, which are particularly cru-
cial for invisible bruising detection. The experiment details are referred to
Supplementary Section 9.

5 Deep-learning based reconstruction

5.1 Dataset construction

Our dataset was mainly captured using the commercial FigSpec-23 and
GaiaField Pro-N17E-HR hyperspectral cameras, both integrated under a
push-broom scanning mechanism, as shown in Extended Data Fig. ba. The
Figspec-23 camera covers a spectral range of 400-1000 nm, with a spectral
resolution of 2.5 nm, and captures HSIs at a spatial resolution of 960 x 1230
pixels. After data processing, 61 bands were selected for our dataset at 10 nm
intervals in the 400-1000 nm range. The GaiaField Pro-N17E-HR camera spans
a spectral range of 900-1700 nm, with a spectral resolution of 5 nm, captur-
ing images at a spatial resolution of 640 x 666 pixels. After data processing,
81 bands were selected for our dataset at 10 nm intervals in the 900-1700 nm
range.

Because the field of view of these two cameras is different, We performed
image registration on the acquired hyperspectral images of the two cameras,
using the scale-invariant feature transform (SIFT) technique [S35-37]. As
shown in Extended Data Fig. 5b, this process finds the similar spatial features
of the two cameras, using which to register the field of view. As a result, there
yields the hyperspectral imaging dataset covering the entire spectral range of
400-1700 nm, with a spatial resolution of 640 x 666 pixels and a total number
of 131 spectral bands at 10 nm intervals.

As shown in Extended Data Fig. 5c, an exemplar visualization of the con-
structed hyperspectral imaging dataset is presented. We captured 1000 sets
of HSIs using the Figspec-23 and GaiaField Pro-N17E-HR hyperspectral cam-
eras. This dataset includes 500 outdoor scenes (such as road, building, flower,
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vehicle, etc.) and 500 indoor scenes under laboratory lighting (including food,
cloth, toy, model, etc.). The outdoor scenes were photographed in Beijing,
China from April to June and October to December, encompassing various
weather conditions including sunny, cloudy, and overcast.

During our SRNet model training, considering the gradual spectral varia-
tions in the 1000-1700 nm range, we reduced the number of spectral channels
in this range to improve both training and testing efficiency. Consequently, the
training data comprised 96 spectral channels, with 61 channels at intervals of
10 nm in the 400-1000 nm range and 35 channels at intervals of 20 nm within
the 1000-1700 nm range.

The raw data acquired using scanning hyperspectral imaging systems
(FigSpec-23 and GaiaField Pro-N17E-HR) contain the Quantum Efficiency
(QE) of the sensor, introducing bias compared to the real spectra. This con-
dition is consistent with prevailing commercial hyperspectral cameras such
as Specim [S38], Headwall [S39], Figspec [S40], and spectrometers like Thor-
labs [S41] and Ocean Optics [S42]. Notably, these instruments directly capture
spectral data in Digital Numbers (DN), influenced by the QE of detectors and
optical systems.

Tab S2: Overview of the existing hyperspectral imaging datasets.

Scene Spectral Channel Spatial
Ref. Name num- num- . Data Type
range resolution
ber ber
[S43] ICVL 200 400-700 nm 31 1392x 1300 Raw Data
[S44] Harvard 50 420-720 nm 31 1392x1024 Raw Data
[S45] CAVE 32 400-700 nm 31 s12x512  Leflectance
Data
Reflectance
[S46] KAIST 30 400-700 nm 31 3376 x2704 Data
Reflectance
[S47] Manchester 30 400-720 nm 33 1344 %1024 Data
[S48] Tok)éc;Tech 16 420r1111?00 59 512512 Ref}s&;iznce
[sag]  TokyoTech 30 420-720 nm 31 2048x2048 ~ Tieflectance
31 Data
Radiometric
[S50] ARAD 1000 400-700 nm 31 512x482 Data
Ours Hypeis"e‘ﬂ' 1000 400-1000 61 1230% 960 Ra‘;zz‘;‘*t“c
Ours Hyp\ﬁgsl’e‘:l' 1000 400r:!1n700 131 666X 640 Ra‘;zz‘;‘““c

Also, we would like to note that some public HSI datasets also contain the
hyperspectral camera’s QE, such as ICVL [S43], Harvard [S44], etc. For com-
putational hyperspectral imaging systems, the reconstructed HSI constituents
are greatly influenced by the HSI dataset used for network training [S57, 58].
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Tab S3: The training datasets used in different computational hyperspectral
imaging systems.

s Channel Spatial
cene .
Ref. Dataset name Spectral range num- resolution of
amount . s
ber training data
1392x1300,
[S51] ICVL, CAVE 232 400 - 700 nm 31 640 % 480
512x512,
[S52] CAVE, KAIST 62 450 - 650 nm 28 3376 % 2704
512x512,
[S53] CAVE, KAIST 62 450 - 650 nm 28 3376 % 2704
512x512,
[S54] CAVE, KAIST 62 406 - 684 nm 12 3376 % 2704
1392x1024,
[S55] Harv}«éffSITCVL 238 420 - 660 nm 25 13921300,
3376x2704
CAVE, 512x512,
[S56] Manchester, 92 450 - 650 nm 20 1344x1024,
TokyoTech 31 2048 %2048
Ours Hype\‘;iped' 1000 400 - 1000 nm 61 1230x960
Ours Hype\l;szped' 1000 400 - 1700 nm 131 666 X 640

s As such, we summarized the existing public hyperspectral datasets in Tab. S2.
sn The available datasets are categorized into three types, including raw data,
sz reflectance data, and radiometric data.

573 ¢ Raw Data. This kind of dataset (such as ICVL [S43] and Harvard [S44])

574 contains the raw digital numbers (DN) data acquired by hyperspectral
575 cameras, corresponding to the multiplication of the illumination spectrum
576 and the camera’s QE. As such, these datasets contain both illumination
577 and QE [859, 60]

578 ® Reflectance Data. This kind of dataset (such as CAVE [S45], TokyoTech
579 31 [S49], TokyoTech 59 [S48], and KAIST [S46]) removes the influence
580 of illumination and QE by reflectance calibration. The common strat-
581 egy utilizes a whiteboard (typically composed of barium sulfate) and the
582 hyperspectral imaging system to obtain the baseline reference. Subse-
583 quently, the target spectra undergo a division operation with this baseline
584 reference to produce the reflectance data.

585 ® Radiometric Data. This kind of dataset (such as Arad [S50]) per-
586 formed radiometric calibration to rectify measurement biases introduced
587 by QE. Radiometric data eliminates the influence of QE but keeps the
588 illumination spectrum, representing the general radiation energy of target
589 scenes.

590 The spectrum typically quantifies the photon flux (or radiation energy) in

s each band in optical analysis. In this regard, we implemented radiometric cali-
s bration (as detailed in Ref. [S61]) on our acquired HSI dataset to eliminate the
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QE bias of raw data. Consequently, the calibrated data is better suited for com-
putational spectral reconstruction tasks, as these data accurately characterize
the real radiation energy distribution of target scenes. Therefore, we train
the HSI reconstruction model using this calibration dataset. Furthermore, we
also utilized a larger training dataset compared to other computational spec-
tral imaging tasks, ensuring both spectral reconstruction accuracy and model
generalization as shown in Tab. S3.

5.2 SRNet details

In this section, we describe the overall network architecture and internal mod-
ule details of SRNet (Spectral Reconstruction Network) in Extended Data Fig.
6a-b. SRNet is a hybrid neural network that combines the core features of
Transformer and CNN architectures for efficient, high-precision reconstruction.
It employs Unet-shaped architecture as the baseline consisting of an encoder,
a bottleneck, and a decoder. The basic component of SRNet is the Spectral
Attention Module (SAM), which can focus on extracting the spectral features
of HSIs.

First, SRNet exploits a 3 x 3 convolution layer to transform input images
into features Xo € RF*WxC where H, W are spatial dimensions and C'is the
number of feature channels. The sensing matrix of the Hyperspecl sensor also
undergoes a 3 x 3 convolution layer to extract the inherent spectral modulation
characteristics, which is fused with X using a 3 x 3 convolution layer. Second,
the fused feature map goes through a down-sample module, a SAM, a down-
sample module, a SAM, a down-sample module, a SAM, and a down-sample
module to generate hierarchical features. The down-sample module is a stride
4 x 4 convolution that down-scales the feature maps and doubles the channels.
Therefore, the feature maps of the i, stage of the encoder are denoted as X; €
Rt X3 X2'C Third, X4 passes through the bottleneck that consists of a SAM.
Subsequently, we followed the Unet architecture and designed a symmetrical
structure as the decoder. Specifically, the up-sampling module is a stride 2 x
2 deconvolution layer. Skip connections are used for feature concatenation
between the encoder and decoder to alleviate the information loss caused by
the down-sampling operations. After passing through the decoder, the feature
maps will be added with the initial feature map X and then undergo a 3 x 3
convolution layer to generate the reconstruction hyperspectral images.

Although attention mechanisms have found widespread application in
image reconstruction tasks, they often impose a substantial computational
burden. This is particularly evident for self-attention layers in the Transformer
framework, which contribute significantly to the overall computational over-
head. In many Transformer-based methods, the spatial resolution of input
causes a quadratic growth in the time and memory complexity of the key-query
dot-production interaction [S62]. We employ transposed query and key atten-
tion feature maps in our network to reduce complexity and efficiently capture
global context. Instead of performing the dot product operation across spa-
tial dimensions, we perform it across spectral channel dimensions, resulting
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in linear complexity. This modification allows us to compute cross-covariance
across channels and create attention feature maps with implicit knowledge of
the spectral information and global context [S52, 62, 63].

From a layer normalized feature map X, we use 1 x 1 convolutions fol-

lowed by 3 x 3 depth-wise convolutions to generate query (Q € RHXWX C), key

K € REXWXC) and value (V € RAXxWx C) projections. Inspired by previous
works [S52, 62, 63], We calculate the self-attention by:

Atten (Q, K, \7) =V . softmax (UKTQ) . (S4)

X* = W, Atten (Q, Kv) +X (S5)

where KT is the transposed matrix of K; Wp is the 1 x 1 convolution;
Q € REWXC K ¢ RHWXC v ¢ RHWXC are reshaped from original dimen-
sion RTXWxC Before using the softmax function, the learnable parameter o is
applied to regulate the magnitude of the dot product of K and Q. Addition-
ally, we divide the number of channels into ‘heads’, and simultaneously learn
several attention maps for each head. As shown in Extended Data Fig. 6b, we
add a parallel structure to the feed-forward network (FFN) to further extract
useful features. First, we apply linear normalization to normalize the feature
maps. Then, we involve a 1 x 1 convolution, GELU [S64], 3 x 3 depth-wise
convolution to capture local information. Next, we use concatenation to fuse
two branches of information. Finally, we utilize a GELU activation function
and a 1 x 1 convolution to match the dimension of the input channels.

The training data in this work were primarily acquired using the commer-
cial Figspec-23 hyperspectral camera and GaiaField Pro-N17E-HR hyperspec-
tral camera, both integrated under a push-broom scanning mechanism (see
Supplementary Section 5.1). Because the spatial resolution of measurements
is very large we randomly divided the calibrated pattern into multiple sub-
patterns for training, which also can avoid overfitting to a particular BMSFA
encoding pattern. During each iteration, we randomly selected a 512 x 512
sub-pattern from the original full-resolution BMSFA pattern (2048 x 2048
for HyperspecI-V1 and 1024 x 1024 for HyperspecI-V2). This approach can
enhance the model’s generalization across different spatial positions and encod-
ing patterns. The model is trained with Adam [S65] optimizer (8; = 0.9, 82 =
0.999) for 1 x 10 iterations. The learning rate is initialized to 4 x 10~* and
the Cosine Annealing scheme is adopted. We choose Root Mean Square Error
(RMSE), Mean Relative Absolute Error (MRAE), and Total Variation (TV)
as the hybrid loss function. we train the model on the Pytorch platform with
a single NVIDIA RTX4090 GPU.



673

674

675

676

677

678

679

680

681

682

683

684

685

686

687

688

689

690

691

692

693

694

695

696

697

698

699

700

701

702

703

704

705

706

707

708

709

710

711

712

713

714

715

716

717

Springer Nature 2021 BTEX template

17

5.3 Reconstruction performance comparison

To demonstrate the performance of the model, we have compared the SRNet
with other reconstruction algorithms including both model-based and deep
learning-based algorithms. The quantitative metrics to evaluate reconstruction
precision include Peak Signal-to-Noise Ratio (PSNR), Root Mean Square Error
(RMSE), Mean Relative Average Error (MRAE), Structural Similarity Metric
(SSIM), and spectral fidelity. The quantitative metrics to evaluate reconstruc-
tion efficiency include the number of parameters, floating point operations per
second (FLOPs) at two kinds of resolution (2048 x 2048 pixels and 1024 x
1024 pixels), and running time per frame image. The specific algorithms for
comparison are listed below.

e Model-based algorithms. The model-based algorithms typically
employ image priors for regularization optimization, such as total variation
(TV) [S66], sparsity [S67], non-local similarity (NLS) [S68, 69], and low
rank [S70]. The solution is achieved by iterative frameworks such as alternating
projection and alternating direction methods of multipliers (ADMM). We uti-
lized three common model-based iterative algorithms for comparison, including
the GAP-TV [S71], DeSCI [S70], and PnP [S72] algorithms. Although the
model-based algorithms do not require a training process, they involve numer-
ous iterations that result in much running time. Convergence for large-scale
images (e.g., 2048 x 2048) requires heavy computational load, leading to low
reconstruction efficiency [S73]. Additionally, the limited representation abil-
ity of image priors hinders effective exploration of fine features, leading to
relatively low reconstruction accuracy compared to the deep learning-based
methods [S74]. As shown in Tab. S4, all of the GAP-TV, DeSCI, and PnP
methods take several hours to reconstruct hyperspectral images from only a
single frame, which makes them impossible for real-time hyperspectral recon-
struction. Moreover, the accuracy of these algorithms is limited especially for
large-scale spatial resolution.

e Deep learning-based methods. Besides the model-based algorithms,
we also conducted a comprehensive comparison among the state-of-the-art
(SOTA) deep-learning methods for hyperspectral reconstruction, including
HSCNN+ [S75], HRNet [S76], MST++ [S77], HDNet [S78], MST_L [S52], and
CST_L [S79]. These models were trained using the same training data as our
SRNet (see the Supplementary Section 5.2 for more details), which process was
conducted on an NVIDIA RTX4090 GPU and an AMD EPYC 7H12 CPU,
with an appropriate batch size on the Pytorch platform. The initial learning
rate was set to 4 x 1074, with 1 x 10 iterations using the Cosine Annealing
scheduler.

As shown in Tab. S4, the quantitative results were produced on test data
with the SNR being 30dB. The results indicate that our SRNet model out-
performs others in terms of PSNR, RMSE, MRAE, and SSIM. Besides, we
can see that our model shows superior computational efficiency compared to
other model-based and deep-learning methods. Specifically, we developed two
versions of the SRNet, including SRNet_S and SRNet_L. The SRNet_S has 16
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channels of features, and thus contains less parameters than SRNet_L which
has 32 channels of features. Consequently, with little sacrifice of reconstruc-
tion precision, SRNet_S reconstruction achieves 31 frames and 105 frames at
the spatial resolutions of 2048x2048 and 1024 x1024, respectively, making it
well-suited for real-time reconstruction of high-resolution images. Considering
its high efficiency, we employed SRNet_S in other experiments for Hyperspecl
reconstruction.



Tab S4: Comprehensive performance comparison among different HSI reconstruction algorithms.

Params FLOPs (T) Time (s) FLOPs (T) Time (s)

PSNR RMSE  MRAE  SSIM - Fidelity — \\"" (9048,0048) (2048x2048) (1024x1024) (1024 1024)

GAP-

TV [$71] 21.24 0.0867 2.255 0.617 93.87% \ \ 9164.8 \ 2291.2
D[SEOC]I 21.61 0.0831 2.439 0.653 97.54% \ \ \ \ 238159.1
PnP
[S72] 20.07 0.0992 1.921 0.680 95.62% \ \ 9868.8 \ 2464.2
HS[§7N5]N+ 38.66 0.0134 0.184 0.970 99.23% 2.140 \ \ 2.139 0.23
H[l;{;\é]et 40.51 0.0111 0.135 0.980 99.61% 7.857 2.674 0.35 0.668 0.083
M[Ssrg;i—i_ 40.83 0.0105 0.136 0.980 99.60% 1.730 1.615 0.74 0.403 0.18
H[]é);\;]et 41.80 0.0095 0.124 0.982 99.63% 2.671 11.200 1.13 2.800 0.28
N{SS;I;,]L 41.86 0.0094 0.122 0.982 99.64% 2.610 2.102 1.45 0.525 0.35
C[g?gfl 39.62 0.0119 0.146 0.980 99.64% 3.910 \ \ 0.585 0.39
SRNet_L 43.98 0.0075 0.112 0.983 99.62% 1.877 0.384 0.075 0.096 0.016

SRNet_S 42.57 0.0087 0.131 0.979 99.51% 0.486 0.134 0.032 0.034 0.0095
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6 The performance of Hyperspcl

The Hyperspecl-V1 sensor exhibits a spatial resolution of 2048 x 2048 pixels
and a spectral resolution of 2.56 nm. It produces 61 spectral channels at 10 nm
intervals over the 400-1000 nm range, with an acquisition speed of 47 frames
per second (FPS). We developed the SRNet, a deep learning model based on
spectral attention Transformer, to reconstruct hyperspectral images from the
acquired raw data, achieving up to 31 FPS using NVIDIA RTX4090 GPU.

The Hyperspecl-V2 sensor exhibits a spatial resolution of 1024 x 1024 pix-
els and a spectral resolution of 8.53 nm. Covering a broad wavelength range
from 400 to 1700 nm, it produces 96 spectral bands (61 bands with 10 nm
intervals at 400-1000 nm and 35 bands with 20 nm intervals at 1000-1700
nm). It maintains a relatively high acquisition speed of 134 FPS, and a recon-
structed speed of 105 FPS using SRNet with NVIDIA RTX4090 GPU. The
spectral resolution is lower than that of the Hyperspecl-V1 sensor because of
the broader wavelength range under a fixed bandwidth [S80].

Tab S5: The performance of Hyperspecl-V1 and Hyperspecl-V2.

Spatial Acquis-  Reconst- Spectral Spectral
Hyperspecl Chip resolu- ition ruction fan . Spectral  resolu-
ypersp type tion rate rate (nrrgl;) bands tion
(pixels) (fps) (fps) (nm)
SONY 2048 x 400 -
VI ax2es 2048 a7 31 1000 61 2.56
SONY 1024 x 400 -
VZ o x990 1024 124 105 1700 96 8.53

In the next, we comprehensively evaluate the performance of Hyperspecl-
V1 and Hyperspecl-V2 in detail from multiple aspects, including signal-to-
noise ratio, frame rate, noise resistance, dynamic range, light throughput, and
thermal stability.

6.1 Signal-to-noise ratio

The spatial-spectral resolution is also affected by the sensor’s signal-to-noise
ratio (SNR). To quantitatively evaluate the influence, we first employed the
EMVA Standard 1288 [S81, 82] to calibrate the sensor’s SNR of Hyperspecl-V1
and Hyperspecl-V2, respectively. Specifically, for a sensor with linear systems,
the SNR of the digital output signal is defined as:

SNR — Hy — ,uy.dmrk7 (S6)
Oy
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where jiy, represents the mean of the output signal, jiy qark represents the mean
of the dark signal, and o, represents the standard deviation of the output sig-
nal. We utilized a light source of Thorlabs SLS302 (10W output optical power,
1115 lux) for illumination, and employed a standard reflective whiteboard (bar-
ium sulfate) as the target scene. We used the sensors to acquire images with
the same exposure time of 1 ms. This setting of illumination intensity and
exposure time ensures that the mean of the output signal p, is around half
of the maximum, which is a common setting for SNR calibration [S81]. We
repeated this calibration process 100 times, and produced the averaged SNR
of HyperspecIl-V1 being 36.87 dB (the SNR of the underlying SONY IMX264
chip is 40.2 dB), and that of Hyperspecl-V2 being 36.94 dB (the SNR of the
underlying SONY IMX990 chip is 52.2 dB).

6.2 Frame rate

The frame rate is a crucial consideration in computational hyperspectral imag-
ing. We analyze the factors that limit Hyperspecl’s frame rate from two
aspects, including hardware acquisition speed and software reconstruction
speed.

Hardware acquisition speed. The sensor’s hardware acquisition speed
is mainly determined by the sensor’s light throughput and transmission band-
width. Light throughput determines a sensor’s requisite exposure time under a
certain kind of illumination. Especially, in low-light imaging conditions, lower
light throughput necessitates longer exposure time. As illustrated in Fig. 2d
of the Main Manuscript and Supplementary Section 6.5, the Hyperspecl-V1
and HyperspecI-V2 sensors achieve the average light throughput of 71.8% and
74.8%, respectively. Such light throughput is much higher than the existing
sensors utilizing narrowband filtering and microstructure spectral modulation.
This advantage provides great potential of the reported Hyperspecl technique
for various low-light applications.

Transmission bandwidth restricts the upper limit of signal acquisition
speed. With a fixed transmission bandwidth, a higher spatial resolution results
in a lower acquisition speed. The two sensor chips we employed (SONY IMX264
and SONY IMX990) both utilize a common USB3.0 interface, achieving imag-
ing frame rates of 47 frames (2048 x 2048 pixels) and 134 frames (1024 x 1024
pixels), respectively. To further enhance imaging speed, higher-quality data
acquisition cards can be employed to increase signal transmission bandwidth,
which however would increase cost and decrease the integration level.

Software reconstruction speed. The software reconstruction speed is
constrained by computational power and the complexity of the reconstruction
algorithm. In all the experiments presented in our manuscript, we utilized
an NVIDIA RTX4090 GPU (82.58 TFLOPs) for model training and testing.
To process high-resolution raw data efficiently, the reported SRNet adopts a
lightweight design to acquire more video frames.
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We performed a comprehensive reconstruction performance comparison
between the SRNet and other hyperspectral reconstruction algorithms, as pre-
sented in Tab. S4. To demonstrate reconstruction efficiency, the table also
presents the frame rates of different models at 2048 x 2048 pixels and 1024 X
1024 pixels. We can see that the acquisition frame rate of Hyperspecl-V1 is 47
frames, with a reconstruction frame rate of 31 frames. For Hyperspecl-V2, the
acquisition frame rate is 134 frames, with a reconstruction frame rate of 105
frames. The experiments validate that the SRNet model fulfills the real-time
requirement for hyperspectral image reconstruction.

6.3 Noise resistance

Tab S6: The noise resistance performance of the reported SRNet.

SNR PSNR RMSE MRAE SSIM Fidelity
10 41.84 0.00965 0.1561 0.9687 99.40%
20 43.65 0.00775 0.1193 0.9810 99.58%
30 43.98 0.00749 0.1117 0.9829 99.62%

INF 43.99 0.00747 0.1106 0.9831 99.62%

Next, we further used synthesized measurements to assess HSI reconstruc-
tion quality under different SNR, conditions (SNR=10, 20, 30, and noiseless),
as outlined in Tab. S6. From the results, we can see that as the noise level
increases, the reconstruction quality of our Hyperspecl sensor keeps above 41
dB (PSNR) even under an input SNR of 10 dB. Considering that the above
calibrated SNR is higher than 36, the results validate that our Hyperspecl
sensor exhibits strong noise resistance, effectively mitigating interference from
external environmental noise, and ensuring both spatial resolution and spec-
tral accuracy even in low-light conditions where environmental and system
noise degrades the sensor’s spatial resolution.

6.4 Dynamic range

We designed and integrated a Broadband Multi-Spectral Filter Array
(BMSFA) with the imaging chip. The BMSFA comprises different modula-
tion materials, each having different spectral modulation effects on incident
light. Indeed, it has a certain impact on the dynamic range of spectral coupled
measurements. Meanwhile, for the computational spectrometers and imaging
sensors, the dynamic range is also determined by the reconstruction algorithm
and measurement noise. As indicated by the subsequent analysis and calcula-
tion, the dynamic range of the Hyperspecl sensor is 68.71 dB, and the dynamic
range of spectral reconstruction increases as the level of measurement noise
decreases. The detailed calculation process is as below.
(1) The dynamic range of measurements.



824

825

826

827

828

829

830

831

832

833

834

835

836

837

838

839

840

841

842

843

844

845

846

847

848

849

850

851

852

853

Springer Nature 2021 BTEX template

23

Following the definition of dynamic range [S83], it is calculated as the ratio
of the maximum intensity it can measure and the minimum signal that is
distinguishable from the noise:

DR gy (Rl My 4O

. (S7)
Nnoi/Mll’lj [A ()\J)}
where \; represents the signal of a pixel in the j band, and A(\;) represents
the sensor’s throughput that is calculated as

A ()‘J) = Adet Qdet Topt (A)ndet ()\)7 (SS)

where Ager denotes the photosensitive element area of an individual pixel (25
pm? for the employed SONY IMX990 chip), Q4e+ represents the solid angle
of the focused light cone incident on the chip (~ 30° for the employed SONY
IMX990 chip), Tope () signifies the optical transmission ratio (exceeds 80% for
the employed SONY IMX990 chip), and n4. () indicates the sensor’s quantum
efficiency (exceeds 75% for the employed SONY IMX990 chip).

The variables Ng,: and N,,; in Eq. (S7) denote the saturation and noise
levels of the photoelectrons, which are calculated as

Ngar = A ()\j) that,j7 (Sg)
Nnoi =A ()\]) thoi,ja

where A();) represents the sensor’s throughput as introduced above, ¢ denotes
the integration time, L sat,; and Ly noi,; represent the radiative intensity of
incident photons in the j band corresponding to the saturation and noise levels,
respectively.

Utilizing the specific parameters of the SONY IMX990 sensor chip, where
Aget is 25 pm?, Qgey is 30°, Qger exceeds 80%, and nger(N) exceeds 75%, the
calculation yields a dynamic range of ~72 dB for the sensor chip without
integrating the BMSFA.

Subsequently, we employed the Hyperspel sensor equipped with BMSFA
to measure the full-spectrum responses of the ten organic dyes and six nano-
metal oxide materials, to update the values of Max; [A (A;)] and Min; [A (\;)]
for each material. Then, we selected the highest maximum throughput as V,ax
and the lowest minimum throughput as Vi, (as presented in Tab. S7). With
these two variables, the updated dynamic range calculation is denoted as

(S10)

Nsat /Vinax
DRupdate - 10g10 <M/&) .

Nnoi/Vmin

Following the formula, the updated dynamic range of the Hyperspecl sensor is
68.71 dB. Compared to the original dynamic range of ~72 dB, the calculation
result indicates a slight reduction (3.29 dB) in the sensor’s dynamic range.
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Tab S7: Viy.x and Vi, of the ten organic dyes and six nano-metal oxide
materials used for BMSFA fabrication. These two variables were applied to
calculate the dynamic range of the Hyperspecl sensor following Eq. (S10).

Sample Max; [A()\j )] Min; [A()\j )]
ODM-1 90.1364 1.6236
ODM-2 92.1512 5.0945
ODM-3 93.0745 1.4631
ODM-4 93.3982 7.2340
ODM-5 92.3322 5.6478
ODM-6 93.2966 3.1851
ODM-7 92.7234 0.0483
ODM-8 92.9978 15.6535
ODM-9 89.9630 34.1318
ODM-10 89.7190 44.6237
NMO-1 76.1518 61.2237
NMO-2 59.3825 0.0818
NMO-3 90.0000 26.6484
NMO-4 68.8982 29.2056
NMO-5 38.6110 26.3048
NMO-6 59.2514 29.0367
Vaneszf Vatim 93.3982 0.0483

Following the above calculation process, we also calculated the dynamic
range changes of both the RGB camera (HIKVISION MV-CA050-12UC) and
the MSFA camera (Silios CMS-C), as shown in Tab. S8. We can see that for
both the RGB camera and MSFA camera, there exist a reduction in dynamic
range (1.27 dB and 3.41 dB, respectively) after integrating the Bayer pattern
and the MSFA.

Tab S8: Dynamic range reduction of the BMSFA, RGB, and MSFA sensors
after integration of a filtering array.

Dynamic range

Architecture Exemplar model Chip model reduction
BMSFA Hyperspecl SONY IMX990 3.29 dB
RGB HIKVISION SONY IMX264 1.27 dB

MV-CA050-12UC
MSFA Silios CMS-C No disclosure 3.41 dB
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(2) The dynamic range of spectral reconstruction.

Furthermore, as claimed in Ref. [S84] for computational spectrometers and
imaging sensors, the dynamic range is not only determined by the maximum
signal (the maximum range of the analogue-to-digital converter (ADC) of the
sensor chip) and the minimum signal (the standard deviation of the dark sig-
nal), but also by the reconstruction algorithm and measurement noise. In this
regard, following the calculation strategy in Ref. [S84], we further studied how
the 4 levels of measurement noise (standard deviation o = 0.0001, 0.001, 0.01,
0.1) affect the dynamic range of our Hyperspecl sensor. Considering a 12-bit
ADC (which can produce an integer from 0 to 2'2 — 1 = 4095) in the spectral
range of 400-1700 nm (96 data points over the 1300 nm range), we set an inci-
dent spectrum ®(\) with a maximum intensity of 4095 as the target spectrum.
The synthesized measurement I; was calculated as

M;=(1+4¢2)) ®NTi(N), (S11)
A

where ¢ denotes measurement noise with its standard deviation ¢ = 0.0001,
0.001, 0.01, 0.1, representing different noise levels. T;(\) is the transmission
spectrum of the i;;, BMSFA filter. These measurements M; were input into the
reconstruction algorithm to produce the simulated reconstructed spectrum,
from which we extracted I,;,,, as the maximum intensity in the reconstructed
spectrum. This process was repeated 100 times and averaged to produce
Imar,mean~

Next, we calculated the standard deviation cgqri,mean Of dark signal. We
first synthesized the dark counts Mg,k =| 4095(0 + €qark) |, Where €rana
follows a normal distribution with a standard deviation of ¢ = 0.0001, 0.001,
0.01, 0.1, representing different noise levels. The dark counts were input into
the reconstruction algorithm for dark count spectral reconstruction. Then,
we calculated o441 as the standard deviation of the reconstructed spectral
intensities across the entire wavelength range. This procedure was similarly
repeated 100 times and averaged to produce cgqrk,mean-

Finally, the dynamic range at each noise level is calculated as DR =
2010g1o((Imaz,mean/Tdark,mean)- Following the above method, we calculated
the dynamic range of spectral reconstruction for our Hyperspecl sensor, as
presented in Tab. S9. From the results, we can see that the dynamic range of
spectral reconstruction increases as the level of measurement errors decreases.

6.5 Light throughput

We explored and compared the high light throughput of different hyperspec-
tral imaging techniques. First of all, we would like to illustrate that all of the
related techniques for throughput comparison are based on a similar work-
ing principle that superposes spectral modulation on a basic monochromatic
chip. In this regard, we did not take the underlying chip’s quantum effi-
ciency into account for throughput comparison, because different techniques
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Tab S9: Simulation on the dynamic range of spectral reconstruction for our
Hyperspecl sensor at different measurement noise levels. The dynamic range
increases as the measurement noise decreases.

NOiS/e Level 0.0001 0.001 0.01 0.1
g

Lmaz, mean 4090 4089 4075 3850
Odark,mean 1.8 5.3 11.2 89.4
DR (dB) 67.12 57.74 51.19 32.66

employed different chips for experiment demonstration. Instead, we only com-
pared the light throughput of spectral modulation to fairly demonstrate the
high-throughput advantage of the reported Hyperspecl technique. The specific
throughput calculation process for each technique is as follows.

1. Scanning hyperspectral camera: Scanning hyperspectral cameras
are typically composed of a diffractive grating, a slit, and a mechanical trans-
lation module [S85]. It acquires HSI information by one column of pixels at
a time. The entire hyperspectral image is obtained by mechanically scanning
in the row dimension. The spectral separation strategy using a slit and grat-
ing constrains its light throughput to a large extent. Taking the push-broom
FigSpec-23 hyperspectral camera [S40] as an example, the light throughput is
calculated considering both the slit loss and the grating loss.

e Slit Loss: The FigSpec-23 hyperspectral camera has a slit width of 25
pm. It captures spectral data for only one column of pixels per frame. The
mechanical module collects spectral data for 100 columns of pixels per second.
To acquire hyperspectral data with a spatial resolution of 960x 1230 pixels that
is similar to Hyperspecl-V2, the FigSpec-23 camera needs at least 10 seconds.

e Grating Loss: The transmission grating for spectral separation main-
tains a transmission efficiency of ~60%, further reducing the camera’s light
throughput. The grating spectral separation strategy results in additional
decay of the photon flux on each spectral channel, with each channel
representing only a fraction of the total incident light energy.

The frame rate of the underlying sensor chip (acA1920-155um) used in the
FigSpec-23 hyperspectral camera is 100 FPS @ 960 x 1230 pixels, and it can
only capture spectral information for one row of pixels per frame. As a result,
the slit reduces the throughput to 0.1% of the incident light. The grating
further reduces the throughput to 60%. If the grating split incident light to
multiple channels at 10 nm intervals, the calculated light throughput for each
channel would be one-ten-thousandth of the total incident light. Thus, the
push-broom scanning hyperspectral cameras commonly consume a long time
to obtain a hyperspectral image of the target scene, which is unable to acquire
spectral information of dynamic scenes.
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2. RGB color camera: RGB color cameras utilize Bayer filters (red,
green, and blue) to capture raw data, which is subsequently processed to pro-
duce color images using interpolation algorithms. Each of the RGB color filters
exhibits light transmission within a relatively narrow spectral range. Given
that the entire detection range is 400-700 nm, we calculated the integral of the
transmission spectra, producing a light throughput of less than 30%.

3. MSFA-based multispectral camera: The MSFA-based multispec-
tral camera (Silios CMS-C [S86]) employs an array of narrowband filters for
spectral acquisition, leading to a significant reduction in light throughput. We
calculated the integral of each transmission spectrum from 400 nm to 750 nm,
producing the camera’s light throughput of less than 10%.

4. Coded Aperture Snapshot Spectral Imager (CASSI): The CASSI
system utilizes a coded mask (grayscale aperture [S87] or color aperture [S88])
and a 2D dispersive element (prism [S89] or grating [S90]) for spectral encod-
ing, resulting in spectral overlap with photon flux attenuation. The coded
mask typically decreases light throughput by more than 50%. Additionally,
the introduced relay lens and prism further decrease light throughput.

5. Metasurface based camera: Metasurface is a kind of micro-nano
filter, in which diverse spectral responses of freeform-shaped patterns result
from the complicated scattering and coupling of the propagative Bloch modes
in the metasurface layer [S91-93]. We estimated its light throughput through
spectral integral over the working spectral range, which is averaged on the
multiple filters and produces less than 50%.

6. Fabry—Pérot filter based camera: The Fabry-Pérot filter also
exhibits spectral modulation characteristics, and can be integrated with sensor
chips [S56]. This filter selectively transmits or reflects specific wavelengths of
light based on resonance conditions through multiple interference and reflec-
tion within a cavity formed by parallel high-reflectivity mirrors. As reported
by Ref. [S56], the light throughput of the Fabry—Pérot filters is 45%.

7. Our Hyperspecl sensor: As detailed in the Main Manuscript, we
integrated the broadband multispectral filtering array on the monochrome chip
to produce the Hyperspecl sensor. As shown in Fig. 2d, we calculated the light
throughput of Hyperspecl sensors across each spectral band. Similar to the
RGB color camera and the MSFA-based multispectral camera, we calculated
the integral of each transmission spectrum, producing the light throughput of
Hyperspecl-V1 and Hyperspecl-V2 up to 71.8% and 74.8%, respectively.

6.6 Statistical evaluation

We statistically evaluated the reconstruction quality on a testing dataset
including 100 indoor and outdoor scenes, in which the scenes are different from
the training dataset. The specific dataset construction details are referred to
Supplementary Section 5.1.

For quantitative metrics, we utilized the spectral fidelity and Root Mean
Square Error (RMSE) to evaluate spectral reconstruction accuracy for the
entire spectral range and each band, respectively. Spectral fidelity describes
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reconstruction accuracy by correlating reconstructed spectra with ground-
truth ones, with smaller values indicating higher accuracy. As presented in
the Supplementary Section 5.3, our experiments resulted in an average spec-
tral fidelity of 99.62%. The RMSE metric assesses HSI reconstruction error for
each band over all the spatial locations and different scenes.

As for the repeatability of reconstruction performance, the thermal stability
study in the Supplementary Section 6.7 may help for validation. In the study,
we evaluated the reconstruction stability at different times (30-minute inter-
vals for each temperature) and different temperatures (20°C, 40°C, 50°C, 60°C,
70°C). The results are shown in Extended Data Fig. 4d and f. We employed the
minimum Pearson’s correlation coefficient (minPC) to quantitatively evaluate
reconstruction repeatability under different circumstances. The minPC metric
presents the minimum Pearson’s Correlation coefficient [S94] among the spec-
tral curves at different times and temperatures. We can see that the minPC of
reconstructed spectra in certain conditions reaches 0.99, which demonstrates
the repeatability of the reconstructed results.

6.7 Thermal stability

The impact of temperature on the photoresist and modulation mask is a crucial
factor to be considered in Hyperspecl applications.

First of all, we would like to illustrate that the SU-8 2000, as a negative
photoresist for near-ultraviolet (UV) lithography, is particularly suitable for
modulation mask fabrication, owing to its nature as a thermosetting poly-
mer [S95]. Being an aromatic compound, it not only boasts high flexibility
but also possesses exceptional thermal and chemical stability [S96]. These
attributes ensure that SU-8 maintains structural and chemical integrity dur-
ing the UV exposure and photolithography process, which is crucial for the
accuracy and repeatability of photolithographic patterning. In the photolithog-
raphy process, the post-exposure bake and hard bake are with temperatures
of 95°C and 150°C, respectively [S97]. These specified temperatures are imper-
ative for ensuring the complete cross-linking of the SU-8 photoresist. This
cross-linking process is fundamental in achieving the structural integrity and
stability required for the photoresist pattern. Upon ultraviolet (UV), the cured
areas of SU-8 photoresist generally exhibit increased thermal stability [S98].
The curing and cross-linking lead to a higher melting point in the exposed
regions, requiring a higher temperature to melt when heated. For film mechan-
ical properties, the softening point is 210°C, and the critical temperature for
thermal stability in air is 279°C. Based on the heat dissipation capacity of
the camera itself, experimental tests have shown that the temperature of the
device within the working temperature range (0-50°C [S99]) does not exceed
70°C. Therefore, the heat generated by common operation will not affect the
stability of the photoresist and modulation mask.

Next, we implemented two additional experiments to evaluate the ther-
mal stability of the BMSFA modulation mask and the integrated Hyperspecl
sensor.
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1. Thermal stability of the BMSFA modulation mask

We built an additional experiment setup for the thermal stability study.
The setup is based on the Kohler illumination principle [S100] as depicted in
Extended Data Fig. 4a, which consists of a light source (Thorlabs SLS302 with
a stabilized quartz Tungsten-Halogen lamp of 10W output optical power), an
illumination module (composed of optical lens, aperture stop, field stop, beam
splitter of Thorlabs VDFW5/M, and objective lens of Olympus microscope
objective A 10 PL 10x0.25), a heating stage (JF-956, 30-400°C), and several
support components (Thorlabs CEA1400) and a fine-tune module (GCM-VC
13M). The fabricated BMSFA modulation mask was placed on the heating
stage, and the temperature was sequentially increased with a step of 10°C
from 20°C (room temperature) to 200°C. After the temperature stabilized for
each step (waiting for 10 minutes after the actual temperature reached the set
temperature), we collected an image of the mask, as shown in Extended Data
Fig. 4b. From the results, we can see that after heating, the structure of the
modulation mask did not show significant changes.

2. Thermal stability of the Hyperspecl sensor

In this experiment, we placed the Hyperspecl sensor on the heating stage,
and employed it to acquire hyperspectral images of the same scene at different
operation temperatures, with subsequent comparisons regarding image simi-
larity and spectral consistency. According to the manual sheet provided by
SONY company, the sensor chip’s operational temperature spans from 0 to
50°C, with the common operating surface temperature being around 37°C at
room temperature (20 °C). To assess the sensor’s reconstruction performance
at varying temperatures, the sensor was fixed on the heating stage and incre-
mentally heated from 40°C to 70°C with 10°C intervals. At each temperature,
the sensor was powered on for 1 hour to achieve temperature stabilization.
Extended Data Fig. 4d-f illustrates the hyperspectral imaging performance of
the same scene at different temperatures.

Specifically, the experimental scenario is depicted in Extended Data Fig.
4c and e depicts the acquired raw data obtained at different temperatures.
Extended Data Fig. 4e presents synthesized RGB images of reconstructed
hyperspectral data at varying temperatures, and Extended Data Fig. 4f dis-
plays the average spectral curves of different regions in the reconstructed
hyperspectral data. The minimum Pearson correlation coefficient for the same
area at different temperatures was 0.99, indicating a negligible impact of tem-
perature variations within the normal range on the Hyperspecl sensor. Also,
we further employed SSIM and PSNR to quantitatively assess the effect of tem-
perature variations on spectral image reconstruction (Extended Data Fig. 4d).
These two metrics were calculated on each two hyperspectral raw data for sim-
ilarity evaluation. The minimum value of 0.9715 for SSIM and 38.25 dB for
PSNR reveals a satisfactory consistency among different temperatures.

To sum up, the above experiments validate that within the normal oper-
ation temperature range, the Hyperspecl sensor’s performance exhibits little
susceptibility to variations in temperature.
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7 Intelligent agriculture applications

7.1 Experiment prototype

We have conducted comprehensive research on two applications and designed
an integrated device capable of non-contact, rapid, and high-precision chloro-
phyll detection, as well as soluble solid content (SSC) detection. Fig. 4a
illustrates the development of a hyperspectral imaging system comprising our
Hyperspecl sensor, an opaque dark box, a scattering plate, and a bimodal
LED /broad spectrum light source. This system operates in two modes:

1. Transmission spectra acquisition mode: In this model, the light
source was comprised of several LEDs. The resulting light passes through the
leaf and onto the scattering plate area. The acquired transmission spectra are
processed using the model to calculate the leaf SPAD value.

2. Reflectance spectra acquisition mode: In this model, an apple
is placed on the scattering plate position, and the LED is replaced with a
broadband light source (LED light sources can also be used after calibration).
Hyperspecl sensor is used to obtain the reflectance spectra of the apple, which
are then fed into the model for SSC prediction.

7.2 SSC prediction of apples

Apple is a widespread agricultural product with considerable nutritional and
commercial value. Currently, people pay more attention to the internal quality
of apples, where SSC is one of the most crucial indicators that determines taste
and influences consumer purchasing decisions. Traditional methods like Brix
refractometry are destructive, time-consuming, and limited to a small num-
ber of samples. Near-infrared (NIR) spectroscopy can be used as a rapid and
non-destructive method to characterize the internal attributes of horticultural
products. The propagation of NIR spectra through fruit tissue is affected by
the vibration frequencies of hydrogen-containing groups associated with their
chemical composition and microstructure. The detection procedure for SSC in
apples using Hyperspecl sensor can be summarized as follows:

(1) Selecting enough apples as a train/calibration set for modeling analysis;

(2) Obtaining the spectral information of the selected apples;

(3) Employing traditional destructive testing to determine the SSC in the
regions of interest (ROIs) in the apples;

(4) Preprocessing the original spectral data and establishing the mathe-
matical model;

(5) Evaluating the effectiveness of the model using an independent test/pre-
diction set.

1. Sample preparation

A total of 54 “Fuji” apples without physiological decay or physical defects
were obtained from a local retailer in Beijing, China. All samples were washed,
numbered, and stored in a laboratory for 24 hours to reach room temperature
and reduce measurement variations caused by temperature changes.
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2. Acquisition of reflectance spectra and SSC values

The hyperspectral reflectance imaging system was established, depicted in
Fig. 4c. It consists of a Hyperspecl sensor, a broadband light source (Thorlabs,
SLS302) covering the range of 360-2500 nm, a collimating lens, and optical
supports. Marking and measuring were conducted at four equidistant regions
of interest (ROIs, 3 cm x 3 cm) distributed along the equatorial region of each
apple with each ROI considered as an independent sample. After removing
a bruise sample, a total of 215 spectra were obtained. SSC measurements
were immediately carried out using the traditional destructive method after
spectra acquisition. A piece of flesh with a thickness of about 10 mm was
extracted from the equatorial position, and apple juice was squeezed onto
a digital refractometer (DiFluid Air, DiFluid, China) to determine the SSC
value. Subsequently, 163 and 52 samples were randomly selected as a train
(calibration) set and a testing (prediction) set, respectively, with a proportion
of 3:1. These sets were utilized to develop and test the calibration model and
evaluate the usability of the reconstructed spectra. It is important to note that
there were no duplicate samples in the train or test set, as shown in Fig. 4c.

3. Model establishment and evaluation

(1) Spectral preprocessing
To improve the performance of the model, preprocessing of the raw spectra
(S) is necessary. The white reference (W) was obtained from a standard white-
board with a reflectance of approximately 99%, and the dark reference (D)
was captured by turning off the lamp and fully covering the optical lens. The
corrected spectra (R) were calculated according to the equation:

S-D

R_W—D

(S12)

(2) Partial least squares (PLS) regression

Partial least square (PLS) regression is one of the most effective multivariate
statistical methods widely employed in NIR analysis due to its insensitivity
to collinear variables and large variable quantities. The underlying principle
of PLS involves constructing a linear regression model with latent variables
(LVs) by projecting the original X variables (spectral data) and y variables
(SSC) onto an orthogonal space, thereby maximizing the covariance between
LVs. In this research, the optimal number of LVs was determined through
the 10-fold cross-validation of calibration samples, when the root mean square
error of cross-validation (RMSECV) reached the minimum. Subsequently, the
calibration model was tested to predict the SSC of the independent prediction
set. The model can be expressed as:

y=bX+e (S13)

where b and e represent regression coefficients and model offset, respectively.
The performance of PLS model was evaluated using the correlation coefficient
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(R) and the root mean square error (RMSE).

n

R, Rp = Z (ypi — ym / Z Ypi — ymean 2 (814)
i=1

i=1

RMSEC, RMSEP = | =" (5 — yai)’ (S15)
[t
where Ypi, Yai a0d Ymean represent the predicted value, the actual value, and
the actual mean value of the i;, sample, respectively. n is the number of
corresponding data set. Generally, satisfactory models should possess higher
values of . and R,, and lower values of RMSEC and RMSEP.
(3) Experiment results
The spectral curves exhibit prominent peaks near 640 nm and 810 nm, as
well as two troughs near 680 nm and 970 nm. The peak at 640 nm is primarily
related to the color of the apple’s epidermis [S101], while the trough near 680
nm should be relevant to the chlorophyll represent the color feature [S25]. The
peak near 810 nm probably contains information related to the third overtone
of the band N-H [S102], and the trough near 970 nm is associated with the
combination effect of second overtone of band O-H and water [S26, 27]. These
characteristics highlight the potential of the Hyperspecl sensor for analyzing
SSC distribution in apples. PLS model was utilized to extract potential infor-
mation from complex spectra. The optimal number of LVs is determined by
the lowest value of RMSECYV to avoid poor prediction accuracy caused by few
LVs and overfitting caused by more LVs. Fig. 4c presents the scatter plot of
measured and predicted SSC, where the points closer to the solid line indi-
cate better model performance. For the full-spectrum-PLS model, RMSECV
has the lowest value when 17 LVs were used. The correction coefficient and
RMSE were 0.8264 and 0.6132% for the training set, and 0.6162 and 0.7877%
for the test set, respectively. The relative error of the prediction set amounts
to only 5.30%. Fig. 4d presents the RGB images and reconstructed hyperspec-
tral images of leaves and apples. Additionally, the random selection of pixels in
the images allows a comparison between the ground-truth spectrum and cor-
responding reconstruction, which shows a small difference that indicates high
spectral accuracy.

8 Real-time health monitoring applications

8.1 Blood oxygen detection

We obtained pulse waveform signals (PPG waveform) using the photo-
plethysmography (PPG) method, which is reflected or transmitted through
the process of blood tissue organ transmission (Extended Data Fig. 5a-c).
The absorption spectra of oxygenated hemoglobin (HbOs) and deoxygenated
hemoglobin (Hb) exhibit characteristic differences in human blood tissue.
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Exploiting this characteristic, we can calculate blood oxygen saturation
(SpO,). In the wavelength range of 600-1000 nm, incident light effectively
transmits through human tissue, with minimal absorption by water but sig-
nificant absorption by deoxygenated and oxygenated hemoglobin, which have
different absorption levels. Traditional pulse oximeters measure SpO, by
exploiting the differential light absorption of HbOy and Hb at two specific
wavelengths. Based on the absorption spectra of HbOs and Hb shown in
the figure, we can select two characteristic wavelengths, A\; = 780 nm and
Ao = 830 nm. The absorbance by HbOs is higher at Ay than at Ay, whereas
the absorbance by Hb is higher at A; than at As.

The Lambert-Beer law, widely employed for measuring solute concentration
based on optical transmission, states that absorbance is directly proportional
to concentration. The pulse oximeter assumes that the pulsatile component
(AC component) of optical absorption originates from pulsating arterial blood,
while the non-pulsatile component (DC component) includes contributions
from non-pulsating arterial blood, venous blood, and other tissues. The pul-
satile signal (AC) can be normalized by the non-pulsatile signal (DC) at A,
and \o. By obtaining the time-domain signals of light transmitted through the
fingertip at these two wavelengths, we can calculate the AC and DC compo-
nents at these spectral bands. Through calibration, the following formula can
be derived to measure the desired SpOs,:

SpOy =ky * R® —ky* R* + ks« R+ C (S16)
where R = HAcn/Iber p 100002, ky — —52.887, ks = 26.871,
AC Ay /IDC Ay

C = 98.283.

8.2 Material diffusion examination

In this experiment, we conducted an effluent diffusion monitoring study to
explore its capability for water quality detection. We simulated water of vary-
ing quality by preparing solutions with different materials and observed their
diffusion processes to mimic the water quality monitoring process. We pre-
pared two solutions with similar colors but different components: one with
standard magenta dye solution #2, and another with the same concentration of
magenta dye combined with infrared absorption material solution #1 (in a 20:1
ratio). The experimental results demonstrate the real-time detection capabil-
ities of the Hyperspecl sensor, enabling precise acquisition of spatial-spectral
information in dynamic scenes.

This experiment also aims to validate the effectiveness of the additional
spectral information collected by our Hyperspecl sensor in distinguishing mate-
rials. Therefore, we did not use advanced deep-learning-based segmentation
models that incorporate various prior assumptions, but instead used the classic
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machine-learning-based k-means clustering algorithm [S103] for image segmen-
tation of RGB and hyperspectral images. The adopted k-means clustering
algorithm includes the following three steps:

(1) We first loaded the RGB video and the hyperspectral video frame by
frame, and selected the sector area of diffusion in each frame as the position to
be segmented. Each RGB image has 3 channels, and each hyperspectral image
contains 61 channels at 10 nm intervals in the range of 400-1000 nm.

(2) We set the cluster number K = 3, and the cluster center was randomly
initialized. The petri dish contains two different materials but with similar
colors.

(3) For each pixel location p(z,y), we calculated its Euclidean distance
from the cluster center c¢y:

d=p(z,y) - ck. (S17)

Each pixel location of the RGB image contains 3-channel information, and
that of the hyperspectral image contains 61-channel information. According to
the distance d, all the pixels were assigned to the nearest center point. Then,
we recalculated the new cluster center position following

a=1 3 3 pley). (S18)

yeCy xeCly

After repeating this process until convergence, we reshaped the clustered pixels
onto corresponding images. If the segmentation process is effective, it can accu-
rately display the diffusion process of the two materials in the aqueous solution
and the clear solution boundary. The segmentation results, as presented in
Fig. 5 of the main manuscript, indicate that the images captured by the RGB
camera did not accurately segment the diffusion of the solutions. In contrast,
the images captured by the Hyperspecl camera successfully distinguished and
labeled the diffusion processes of the two solutions.

9 Near-infrared applications

To validate the performance of our Hyperspecl sensor in the NIR range, we
conducted experiments on textile classification and apple bruise detection.

9.1 Textile classification

The textile industry plays a crucial role in our daily life. Various textile prod-
ucts such as personal clothes and household products are indispensable. With
the exponential growth of the textile industry, the direct disposal and under-
utilization of waste textiles put a strain on resources and caused significant
environmental issues [S33]. Efficient recovery and reuse of these materials are
crucial for environmental sustainability [S34]. Currently, textile classification,
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a key process in this context, is predominantly manual with limited automa-
tion, resulting in poor accuracy and efficiency in recognition [S104]. Together
with chemometric modeling, near-infrared measuring offers a potential solution
to automatically classify, identify, and quantify substances [S33].

In this experiment, we prepared 204 samples including different cotton and
polyester fabrics. The specific composition of each sample was provided by
the corresponding manufacturer. Given the diverse appearance of these sam-
ples, their classification by visual inspection is challenging. Therefore, we first
acquired the NIR spectrum of each sample using our Hyperspecl sensor, as
shown in Fig. 6a. Then, 150 samples (75 cotton and 75 polyester) and 54 sam-
ples (27 cotton and 27 polyester) were selected through the Kennard-Stone
algorithm [S105] as the train set and the testing set, respectively. Subsequently,
the support vector machine (SVM) algorithm [S106] was employed for the
qualitative classification of waste textiles to facilitate the automatic identifi-
cation of fabric categories [S34]. For the testing set, the overall classification
accuracy was 98.15%, which is comparable to Ref. [S107] for pure fabrics iden-
tification. The experiment validates that the Hyperspecl sensor is applicable
for accurate pure textile-waste classification.

9.2 Apple bruise detection

Computer vision-based detection of fruit size, shape, and color features has
been widely applied [S108]. However, the detection of fruit skin defects mainly
relies on manual identification. Especially, the hidden defects (e.g., minor
bruises, early rotting) among the epidermal defects may further rot and spread
to other fruits over time, causing economic losses. Therefore, it is essential to
detect the fruits that carry hidden defects [S109]. Manual sorting of hidden
defects requires a lot of repetitive labor and is susceptible to subjective fac-
tors with poor consistency. Further, the hidden defects caused by mechanical
collision usually occur under the surface of the skin, and their appearance is
similar to that of normal tissues, which is difficult to be recognized by naked
eyes [S110]. Due to the absorption of near-infrared light by water, there is a
significant difference between the spectral curves of bruised and normal areas
in the near-infrared wavelength band. Notable characteristics are observed at
wavelengths of 1060 nm, 1260 nm, and 1440 nm [S111].

In this experiment, we prepared 56 ‘Qixia’ Fuji apples for demonstration.
Each quadrant of an apple, demarcated by rotating around its stem-to-calyx
axis in 90-degree increments, was individually numbered and classified as a
separate sample, amounting to a total of 224 samples. Next, a 30 g solid metal
ball was dropped through a 30 cm steel pipe to systematically create bruises
on random locations of each apple side. Then, we employed our Hypersepcl
sensor and an RGB camera (for comparison) to respectively acquire hyper-
spectral and color images of these apples, constructing two image datasets.
Each dataset consists of 224 images, 184 images of which were applied to
train a YOLOv5-based image detection model [S112], and the rest 40 samples
were input to the model for testing. For the hyperspectral images, following
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Ref. [S111], we chose 1060 nm, 1260 nm, and 1440 nm as pivotal wavelengths
for bruise identification. We processed the spectral images to create synthe-
sized color representations, distinctly marking the bruised regions for enhanced
visualization.

The results are presented in Extended Data Fig. 6d-g, which reveals a sig-
nificant contrast in detection accuracy between visible light and NIR light.
We used the Precision (P), Recall (R), mAP50, and mAP50-95 metrics [S112]
for quantitative evaluations. From the results, we can see that all the indica-
tors of apple bruise detection based on RGB images are much lower than that
based on NIR images. This dues to the insensitivity of the visible part to the
bruised area and the difficulty of labeling by manual methods. NIR images
exhibit superior precision in identifying bruised areas on apples, demonstrat-
ing the potential of our device for efficient NIR detection tasks in intelligent
agriculture.

10 Remote detection application

With the irreplaceable advantage of high signal-to-noise ratio (SNR), high
resolution, and dynamic hyperspectral imaging capabilities, our Hyperspecl
possesses apparent advantages over existing methods in detecting small or
distant targets within low-light conditions, targeting dynamic scenes, among
others (as partially validated in Fig. 3 of the main manuscript). Additionally,
the compact size, lightweight, and high integration level of Hyperspecl make
it suitable for deployment on platforms with limited payload capacity.

To highlight the high SNR and dynamic hyperspectral imaging features
of Hyperspecl, we demonstrate its adoption in the astrophotonic applica-
tion for remote detection. We chose a cloudy, foggy night with relatively
moonlight to demonstrate a low-light environment. As shown in Extended
Data Fig. 1a, we employed a telescope (CELESTRON NEXSTAR 127SLT,
1500 mm focal length, 127 mm aperture Maksutov-Cassegrain) to image the
moon, and compared the imaging results of our Hyperspecl sensor with that
of line-scanning hyperspectral camera (FigSpec-23) and mosaic multispectral
camera (Silios CMS-C). The target scenes include the Mare Crisium (see #2
in Extended Fig. 1c) and Mare Fecunditatis (see #1 and #4 in Extended
Data Fig. 1c) regions of the moon during the crescent phase. Our Hyper-
specl’s acquisition frame rate is set to 47 fps, with an exposure time of 21
ms. The mosaic multispectral camera has an acquisition frame rate of 30
fps, with an exposure time of 33 ms. The line-scanning hyperspectral cam-
era requires approximately 100 seconds to capture one HSI frame. We can
see that the results of the Hyperspecl sensor present fine details of lunar
topography, and the reconstructed spectrum corresponds well with the ground
truth (publically provided at http://www.olino.org/blog/us/articles/2015/10/
05/spectrum-of-moon-light#comment-3920724). In contrast, the results of the
mosaic multispectral camera contain serious measurement noise due to lim-
ited light throughput, and the topography details are buried. The results
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of the line-scanning hyperspectral camera suffer from a similar degradation,
and severe scanning overlapping exists since the moon was moving during
the line-scanning process. This experiment demonstrates the unique high-light
throughput advantage of our Hyperspecl sensor, which leads to high imaging
SNR that enables the acquisition of dynamic, remote, and fine details in low-
light conditions. More dynamic imaging results are presented in Extended Data
Fig. 1d. From the above experiment, we can see that our Hyperspecl exhibits
irreplaceable advantages in hyperspectral imaging in dynamic or low-light
environments, which is impossible to achieve with other existing methods.

In summary, the high SNR, high temporal-spatial-spectral resolution, and
wide working wavelength range of Hyperspecl break through the limitations
of existing technologies in multiple fields, making high-precision hyperspectral
imaging possible in various complex scenarios.

11 Metamerism Experiment

In the visible band, a phenomenon called metamerism refers to different
spectra projected to the same color. We further implemented an additional
metamerism experiment and validated our sensor’s ability to distinguish
between items with the same colors but different spectra, thus reaffirming the
sensor’s strong generalization performance. The experiments’ details are as fol-
lows. As shown in Extended Data Fig. 2a, we tested the real and fake potted
plants, marking points with the same color in a(ii). We marked the points of
potted plants with the same color (by comparing their 3-channel values), in
which the red points on the true potted plant and the yellow points on the
fake potted plant have the same color. Extended Data Fig. 2a(iii) shows the
original measurement of our Hyperspecl sensor, and the reconstructed hyper-
spectral image is shown in a(v). We plotted the spectra of points P1 and P2
with the same color on both real and fake plants, as shown in Extended Data
Fig. 2a(iv). It’s evident from a(iv) that the leaves of the real plant exhibit
distinct spectral features due to variations in chlorophyll and water content
(as shown in the blue block of the a(iv)), whereas the fake plant displays
completely different discernible spectra. Furthermore, we tested real and fake
strawberries, which have nearly identical appearances, textures, and colors, as
shown in Extended Data Fig. 2b. Extracting the spectra of points P1 and P2
with the same color in both real and fake strawberries, we observed that the
real strawberries exhibit distinct absorption peaks at 670 nm and 750 nm due
to chlorophyll and anthocyanins content, while the spectra of fake strawberry
appear smoother. These experiments not only validate the high-resolution and
high-precision hyperspectral imaging capabilities of our Hyperspecl technique,
but also demonstrate its ability to effectively differentiate materials with the
same color but different spectra.
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