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ABSTRACT

Reconstructive spectroscopy offers a promising route toward miniaturization by replacing dispersive optics with computational

recovery from encoded measurements, but existing implementations typically rely on complex nanofabrication and highly

decorrelated encoding elements, limiting manufacturability and robustness. Here, we demonstrate a reconstructive spectrometer

based on inkjet-printed interferometric optical filters featuring a minimalist tri-layer architecture and high optical throughput.

Contrary to prevailing design principles, we show that smooth, strongly correlated filter responses can nonetheless enable accurate

spectral reconstruction over a 400 nm visible bandwidth. By adaptively selecting optimized subsets of filters using a custom genetic

algorithm, the system exploits the high signal-to-noise ratio of correlated encoders while maintaining reconstruction fidelity. In

addition, we introduce a calibration and reconstruction framework that requires only minimal a priori knowledge of the measured

spectra, increasing the viability of practical deployment of reconstructive spectrometers. The resulting procedure combines

scalable fabrication, adaptive encoding, and robust reconstruction, with a strong basis of versatile and manufacturing-ready

encoding elements.

1 | Introduction

Compact, high-resolution spectrometers are key enabling com-
ponents for a wide range of emerging technologies, including
distributed environmental sensing, industrial process monitor-
ing, point-of-care diagnostics, and wearable health devices. In
these contexts, spectrometers must not only achieve high spectral
resolution and broad bandwidth, but also be scalable, robust,
and compatible with low-cost, portable platforms. These require-
ments have motivated intense research efforts aimed at miniatur-
izing spectrometers beyond the limits imposed by conventional
dispersive optics. Among the most promising approaches is

reconstructive spectroscopy, in which spectral information is
encoded by a set of optical elements and subsequently recovered
using computational algorithms. By replacing standard diffrac-
tive elements with arrays of spectral encoders, reconstructive
spectrometers offer a pathway toward ultracompact form fac-
tors while maintaining high performance [1]. Types of optical
encoders include resonating cavities [2, 3], quantum dots [4, 5],
thin films [6], metasurfaces [7-9], nanowires [10], liquid crystals
[11], integrated photonics platforms [12], and disordered systems
[13]. Some of the most recent and notable examples include
reconstructive spectrometers based on multi-resonant cavities
[14] and a metasurface-metalens combination [15] with achieved
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FIGURE 1 | Representation of the process of spectral reconstruction, from left to right: first, the unknown signal S interacts with an array of encoding
elements, which generates n signals I; for each transmittance F; of the encoders. Effectively, the information contained in S is transduced into a vector
of measurements I by integration over the sensor bandwidth. These values, together with the calibration of the encoder matrix, are then used as input

for the post-processing algorithms to solve the given underdetermined system of equations and reconstruct the spectrum.

bandwidths of several hundreds of nanometers and resolutions of
~0.5 nm in the visible or infrared range.

Despite impressive demonstrations, most existing reconstruc-
tive spectrometers rely on encoding elements that require
complex nanofabrication, precise multilayer deposition, or sub-
wavelength patterning. In addition, these encoding elements
must exhibit low mutual spectral correlation, which signifi-
cantly complicates the filter design and increases fabrication
complexity. Here, we introduce a notably different approach
to reconstructive spectroscopy based on inkjet-printed arrays
of simple triple-layer interferometric filters. These filters act as
compact spectral encoding elements with smooth, slowly varying,
and strongly correlated transmission responses, in direct contrast
to conventional design strategies [16, 17]. Surprisingly, we show
that such highly correlated encoding elements can nonetheless
enable accurate spectral reconstruction over a 400 nm bandwidth
in the visible, representing a significant step over previously
reported reconstructive spectrometers [18-20] using comparably
simple optical components. Our approach combines scalable
fabrication, adaptive encoding, and data-efficient reconstruction
within a unified framework. Interferometric filters are fabricated
by inkjet printing, enabling scalable, low-cost, and mask-free
production without the need for sub-micrometer patterning
or complex multilayer stacks. Rather than enforcing the high
decorrelation needed for generalist encoding matrices, we tailor
optimized subsets of encoding elements to the target spectral
content using a custom genetic algorithm. This strategy allows
the system to exploit the high average transmittance and favorable
signal-to-noise properties of correlated filters while maintaining
reconstruction fidelity. Finally, we introduce a calibration and
reconstruction framework that requires minimal a priori knowl-
edge of the measured spectra, addressing an important barrier
to the practical deployment of reconstructive spectroscopy: the
determination of the optimal algorithmic parameters prior to
operation.

The operating principle of a reconstructive spectrometer is illus-
trated in Figure 1. An unknown input spectrum S(4;, 4,, ..., 4,,) is
encoded by an array of M optical filters, each characterized by a
distinct transmission function F; (4;, 4,, ..., A, withj=1,..., M.
The resulting set of transmitted intensity from the filters forms
an M-dimensional vector I, which can be related to the input
spectrum through a linear forward model: [21-24]

I=F-S )

where F is the M x N matrix containing the pre-calibrated
spectral transmittances of all the encoding elements [25-27] with
sampling wavelengths 4, 4,, ..., 4,,. Because the number of mea-
surements M is much smaller than the number N of reconstructed
spectral channels, the system is underdetermined and must be
solved using optimization techniques that exploit sparsity or
compressibility in an appropriate basis [28, 29]. Typically, this
operation is modeled as a convex optimization problem, such as
LASSO (Least Absolute Shrinkage and Selection Operator) [30],
basis pursuit [31], or ridge regression [32].

2 | Results

We first established a reconstruction framework that enables
accurate spectral recovery while requiring minimal a priori
information about the measured signal. Spectral reconstruction
is formulated as a regularized inverse problem, in which the
measured intensities are fitted while enforcing sparsity of the
reconstructed spectrum on an appropriate basis. Specifically, we
minimize:

||F-S — I|12+y|IDCT(SI ], @

where the first term enforces consistency with the measured
intensities and the second regularization term promotes sparsity
of the spectrum in the Discrete Cosine Transform (DCT) basis.
This basis was selected because it constrains solutions to smooth,
slowly varying spectral profiles, which are representative of
many practical light sources while remaining compatible with
compressed sensing principles.

A key challenge in reconstructive spectroscopy is the selection
of the regularization parameter y. Conventional approaches
determine y a posteriori using residual-based methods such as
L-curve analysis or cross-validation [33], which require either
knowledge of the ground truth or multiple iterations over values
of y. In real-world sensing scenarios, however, the target spectral
function is unavailable, and time constraints prohibit the use
of such iterative algorithms. To overcome these limitations, we
introduce a pre-calibration strategy that links the optimal value
of y to experimentally accessible quantities, namely the spectral
bandwidth (or full width at half maximum, FWHM) and the
signal-to-noise ratio (SNR). Using the experimentally measured
transmittance matrix of the printed filters (Figure 2d), we sim-
ulated intensity measurements for Gaussian spectra spanning a

20f9

Advanced Optical Materials, 2026

85U8017 SUOWILIOD 8AIea.D 3(qeoljdde ayy Aq pausenob afe o le YO ‘8sn JO Sa|N 10} ARIq1T8UIUO A8]IA UO (SUONIPUOD-PUB-SWLBIWI00 A8 | 1M ARe.q 18U JUO//:SdnL) SUORIPUOD pue Sue | 841 88S *[9202/0T/6T] Uo ARiqiTauliuo A8|im ‘@160jouyoe L Ind Inisul jeynisiiey Aq 8T6T. Wope/Z00T OT/I0p/Luoo 3| 1m Aleiq Ul juo peoueApe//:Sdny woiy pepeojumod ‘0 ‘T.0TS6TZ



a) : i b) Image
White lamp Spectrometer I White lamp
< j I
I
1
1
n ' mc
Oby. Oby. ! Sample amera
| | |
I
I
Filter l Filter
! Matrix Calibration | Measurement Matrix
c d
) ) 0.95¢ Pearson Correlation Coefficients
: 05
8 z{ 0.8
g ;
= e
. B 19 0.5
: :
c 15 ;
B G i .
= 3
35 E
550 650 750 * SRR s
Wavelength (nm)
FIGURE 2 | Schematic representation of the experimental setup utilized for calibration (a) and measurement (b) with an example of raw intensity

measurement shown. A broadband light source is fiber-coupled to a microscope objective to focus the light onto the filters, which are mounted on an
x-y translational stage. During calibration, the transmitted light is collected by another microscope objective, which is fiber-coupled to a spectrometer.
During measurement, instead, the transmitted intensity is recorded by a camera after passing through the chosen sample. (c) A schematic representation
of the filter matrix. (d) Measured transmittance of the filters. Note that all transmittance values lie above 70%, enabling a very high signal. Here, for clarity,
only 10 transmittances out of 25 are shown, the full group is reported in Figure S2. (e) Pearson correlation coefficients of the filter matrix, showing high
average correlation between the transmittances of the filters.
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FIGURE 3 | Meansof the optimal values for each reconstructed Gaussian spectrum of different spectral bandwidths (or full widths at half maximum,
FWHMs), peak wavelengths, and SNRs. (a) Values of y for an SNR equal to 35 dB. The peak wavelength seems to have very little effect on the optimal
value of y. This result helps narrow the value of y to a range, but does not indicate an exact value. (b) Means of the RRMSE for each reconstructed
Gaussian spectrum of different FWHMs and peak wavelengths for an SNR of 35 dB. (c) Means of the optimal values for each reconstructed Gaussian
spectrum of different FWHMSs and SNRs for a peak wavelength of 550 nm.

wide range of peak wavelengths, full widths at half maximum,
and noise levels. For each case, the optimal y was determined by
minimizing the reconstruction error (using the dlib [34] global
minima algorithm). This procedure yields a calibration map that
provides an informed, first-order estimate of y using only rough
prior knowledge of the spectrum and measurement noise and
requires no at-measurement optimization of parameters.

Figure 3a shows the dependence of the optimal regularization
parameter y on the spectral bandwidth for Gaussian spectra
at three representative peak wavelengths, assuming an SNR of
approximately 35 dB, corresponding to our experimental condi-
tions. Notably, the peak wavelength has only a minor influence on
the optimal y, whereas the spectral bandwidth plays a dominant
role. This result significantly speeds up and simplifies parameter
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TABLE 1 | Optimal y values for various experimental spectra.
Spectra Broad White Broad Red Broad green Narrow Red Narrow Green
Estimated center [nm] 650 660 550 630 550
Estimated FWHM [nm] 260 180 80 10 10
y value 2e-6 2e-7 3e-8 6e-9 2.5e-9

1084 [ calibration [ calibration
{ experimental 10-21 { experimental
1079+, : : : : : : :
0 100 200 300 0 100 200 300
FWHM (nm) FWHM (nm)
FIGURE 4 | y-bandwidth relation for Gaussians peaked at (a) 650 nm and (b) 550 nm, initial a priori calibration results shown in blue, optimal

parameters found with known ground truth optimization shown in red.

selection, as it allows y to be estimated primarily from the
expected spectral width.

The same calibration procedure provides an estimation of the
reconstruction accuracy achievable with the printed filter matrix.
As shown in Figure 3b, the average relative root mean square
error (RRMSE) across the explored parameter space is mostly
below 10%, with consistently better performance for broadband
spectra. Narrower spectra are more challenging to reconstruct,
reflecting the limited high-frequency content supported by the
DCT basis. As expected, the optimal y increases monotonically
with decreasing SNR (Figure 3c), reflecting the increasing impor-
tance of regularization in suppressing the effect of noise in fitting.
Importantly, this trend enables y to be adjusted dynamically in
response to changes in measurement conditions, enhancing the
robustness of the reconstruction. We next applied the calibrated
reconstruction framework to experimentally measured intensity
data. Spectral measurements were performed using the setup
shown in Figure 2b, in which the transmitted light through the
filter array was recorded by a camera. A refined optimization
of y was also performed for each experimental spectrum to
validate the predictions of the calibration map. The resulting y
values, summarized in Table 1, show excellent agreement with
the a-priori estimates for spectra that closely resemble Gaussian
profiles (Figure 4). This agreement confirms that the proposed
calibration strategy provides reliable parameter estimates even in
the absence of exact spectral knowledge.

Although the full array consists of 25 filters, we observed that
reconstruction accuracy improves when using only a subset of
the available filters. This behavior is counterintuitive from the
perspective of traditional sensing, where additional measure-
ments are generally expected to improve reconstruction quality.
Here, however, the high degree of correlation between filter
transmittances (Figure 2e) means that redundant information can
degrade numerical stability.

Given the large number of possible combinations, a genetic
algorithm was employed to determine, within a reasonable
computing time, the optimal subset of filters to keep (Figure 5).
The algorithm was designed to investigate the filter combination
space, both by checking random combinations, as well as improv-
ing promising ones, and to search for the optimal number of filters
to utilize [35]. After 300 generations, the algorithm consistently
converges toward compact filter sets comprising seven to fifteen
elements, depending on the target spectrum.

The transmittances of the chosen filters can be seen in the right
column of Figure 6, alongside the corresponding reconstructed
spectra in the left column, together with the relative ground truth
signals, measured with a commercial spectrometer. Interestingly,
the filters chosen by the genetic algorithm change in both type
and number for each spectrum. In several cases, reconstructions
using optimized subsets significantly outperform those obtained
with the full filter array, showing the advantage of adaptive filter
selection in highly correlated sensing architectures. Examples
of subpar reconstructions when using all 25 filters can be
viewed in Figure S3. We stress that, as it is currently, the filter
selection algorithm could not be used in real-time to determine
an appropriate subset per analyzed spectrum, unless the RMSE
(Root Mean Square Error) were to be switched with another
value, such as the residuals of the convex optimization operation
or another figure of merit. However, it could still be possible to
use this peculiarity of the system to individuate optimal subset
per spectral type (differing in bandwidth, peak position, etc.)
by training on known groups of representative spectra. Across
a diverse set of experimental spectra—including broad and
narrowband signals—we obtain relative reconstruction errors
as low as a few percent, demonstrating accurate recovery of
spectral shape, bandwidth, and peak position over a 400 nm-wide
visible range. The reconstructed spectra in Figure 6 demonstrate
that the DCT-based regularization reliably recovers the global
spectral features—including peak wavelength and bandwidth—
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FIGURE 5 | The basis of a genetic algorithm is the generation loop, which scores the elements of each generation and uses the better ones to

create the next generation. This loop is initialized by creating the first generation at random. In our case, the population of elements is composed of the
possible combinations of filters, or “sets”. Each set is scored depending on how well it reconstructs the target spectra, which is quantified by the Root
Mean Square Error (RMSE) between the reconstruction and the ground truth. Once scored, the next generation is created by 1) keeping the best-scoring
element (survival of the fittest), 2) combining two sets by taking half the filters from one, half from the other (crossover), 3) modifying some filters of a
set (mutation), and 4) filling all remaining spots of the generation with new, randomly constructed filter sets. Once the stop criterion has been met, by
reaching either a target RMSE or the iteration limit, the best-scoring set is utilized for the final reconstruction.

even when fine spectral details are partially smoothed. This  within a three percent difference of each other, thus showing high
behavior highlights the intrinsic trade-off of the chosen basis: overlap in encoded data.
while it limits the reconstruction of sharp spectral edges, it
enables robust recovery using a remarkably small number of =~ We achieved this result by following the procedure illustrated
filters over a broad spectral range. We have estimated the spectral beforehand, except for the convex optimization problem, which
resolution of our system to be 5 nm under noiseless conditions, was modified to minimize the solution’s L2 norm on its first and
and 10 nm for noisy conditions, by simulating the reconstruction second derivatives instead of its sparsity in the DCT basis. This
of two close, narrow Gaussian peaks (Figure S4). However, we result demonstrates that our system can differentiate between
question whether this use of Rayleigh’s criterion is applicable highly similar broadband signals and represents a successful
to reconstructive spectroscopy, as it was formulated around the stress test of broadband discrimination often lacking in current
effects of diffraction and the locality of the resulting signal, reconstructive spectroscopy literature. A further practical exam-
neither of which are present in our system. Therefore, we have ple is provided in Figure S10, where we report the reconstruction
devised a second method: we estimate the experimental resolving of reflectance spectra measured from colored paper samples.
power of our spectrometer by considering the FWHM of the
narrowest reconstructed peaks as well as the average size of
missed features in broadband signals (i.e., the second peak in 3 | Conclusion
Figure 6¢). This results in a wavelength-dependent value of,
on average, 10 nm; further explanation of this method and our In this work, we have demonstrated that high-fidelity spectral
choice of it over Rayleigh’s criterion can be found in Section  reconstruction can be achieved using arrays of inkjet-printed
S5. Overall, the combination of smooth interferometric filters, interferometric filters that are far simpler, cheaper, and more
adaptive subset selection, and a-priori calibration enables high- scalable than the optical encoders commonly reported in the
fidelity spectral reconstruction despite strong correlation among literature (see Table S1). The minimalistic tri-layer architecture
encoding elements, contrary to the prevailing assumption that makes them easier to customize for specific applications or
low correlation is a prerequisite for reconstructive spectroscopy. spectral ranges, and the inkjet manufacturing method has great
potential for compact and deployable spectroscopic systems as it
An important challenge in reconstructive spectroscopy is the  enables inexpensive, large-scale, micrometer-precise production.
ability to reconstruct spectra that encode similar distributions of
intensities, as this could lead to solutions closer to each other Beyond the specific device implementation, our results deviate
compared to the relative ground truths. To test the ability of our from a widely held assumption in reconstructive spectroscopy:
system in this regard, we have reconstructed the fluorescence of =~ that accurate reconstruction requires encoding elements with
two phosphorescence signals with high overlap in signal over the ~ low mutual correlation. Instead, we find that smooth, highly
500 to 650 nanometer range (Figure 7). Their measured intensity =~ correlated filter responses, when combined with adaptive sub-
values, normalized by the unfiltered intensity, are, on average, set selection and data-efficient reconstruction, can potentially
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FIGURE 6 | The reconstruction of the transmission spectra of a narrowband signal in the green spectral region (a), a narrowband signal in the red
spectral region (b), two broadband signals peaked in the same spectral regions (c, d), and a white broadband signal (e) are shown together with the
corresponding filter transmittances selected by the genetic algorithm. Improved reconstruction performance is observed in the green spectral region,
which is attributed to the greater diversity of filter transmittance shapes in this wavelength range. The RRMSE for the respective reconstructions are:
() 4.9% (b) 5.4% (c) 2.4% (d) 4.5% (&) 0.17%.
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truth, a subset of thirteen filters was chosen for reconstruction, for the second ground truth, a subset of seventeen. The relative transmittance functions

can be viewed in Figure S9.

outperform larger, generalist filter sets, with different spectra
best reconstructed using different numbers and combinations
of filters. This observation suggests an alternative design for
reconstructive spectrometers, in which a large library of sim-
ple, application-tailored encoding elements is combined with
adaptive computational selection, either guided by a previous
calibration or carried out in real time. The numerical calibration
of the regularization parameter would add to this design, allowing
the selection of its value with minimal a priori information,
easing the practical deployment of the system. Together, these
results outline new avenues for scalable, adaptive, and cost-
effective spectral sensing across a wide range of scientific and
technological applications.

Looking even further into the future, the proposed techniques
can be scaled up to a reconstructive hyperspectral camera by
miniaturizing the encoder matrix. Here, the filter pattern would
be repeated periodically to cover the sensor of a commercial cam-
era, modulating the incident light. Consequently, each unitary
filter matrix would encode information onto the group of pixels
behind it. By postprocessing the intensities from each group, a
hyperspectral image of the framed object could be reconstructed.
Taking inspiration from the improvement observed from filter
subset selection, an additional layer could be added to the system
to block light from channels that have been excluded. This control
layer could, as an example, be constructed of nematic liquid
crystals, functioning akin to a Liquid Crystal Display.

4 | Experimental Methods
4.1 | Filter Design and Fabrication

The tri-layer designs were planned using the tmmnlay [36]
library for Python, which allows for the simulation of the optical
properties of multi-layer materials. The numerical transmittances
obtained were tested on publicly available spectra databases
to ascertain their reconstruction capabilities before printing.
The optical filters were then fabricated using an inkjet printer
(PixDro LP50) equipped with 10 pL cartridges (Fujifilm Dimatix),
following the method described by Jin et al. [37], and summarized
in Figure S11. To print each layer, customized printing waveforms

were applied at jetting frequencies ranging from 1 to 3 kHz. Ink
droplets were deposited onto glass substrates at varying print-
ing resolutions under ambient conditions (21°C-22°C, 40%-50%
humidity). Layers with high and low refractive indices are printed
alternately, each layer being between 50 nm and 150 nm thick, for
a total of three layers per filter. The high- and low-refractive index
inks were prepared using titania and silica nanoparticles, respec-
tively, dispersed in 2-propoxyethanol and 1,3-dimethoxybenzene
(both from Sigma-Aldrich). Ink concentrations were 1.8 wt.%
for the high-index and 3 wt.% for the low-index formulation.
Prior to use, both inks were filtered through 0.2 ym PTFE (poly-
tetrafluoroethylene) membranes. The printing results in thin,
multi-layered filters of alternating materials, which, depending
on the thickness of each layer, modulate the light through
interferometric effects. The high average transmittance allowed
by interferential filters enables high SNRs, and their shape can be
tuned by changing only a few parameters (material and thickness
of each layer), making the system simple to interface with and
tailorable to specific use cases.

4.2 | Numerical Calibration of Regularization
Coefficient

To predict the optimal y values for different types of spectra,
we created a database of simulated Gaussian spectra of different
bandwidths and peak wavelengths. For each combination of
these two parameters, we calculated the vector of transmitted
intensities by the filter matrix, then adding a noise level of 35 dB
SNR, mimicking our experimental setup. We ran the dlib global
optimizer over the reconstruction algorithm to find the optimal y
values for multiple noise realizations, finding the averaged values
shown in Figures 3 and 4. The dlib global optimizer was selected
as it requires no choice of initial guess, making the optimization
process as unbiased as possible.

4.3 | Experimental Measurement
The optical filters were mounted on an automated x-y transla-

tion stage to minimize repositioning errors during the several
measurement cycles. The fiber emission of the white light
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source (OceanOptics LS-1) was collected and collimated by a 10x
microscope objective. The beam had a spot size of ~1 mm in
diameter. The spectral transmittances of the filters at normal inci-
dence were measured with a commercial spectrometer (Ocean
Optics Red Tide USB650). The spectral signals were obtained
by filtering the white lamp with different commercial filters,
narrow bandpass filters for the narrow signals and either longpass
or shortpass filters for the broader signals. The transmitted
intensities were measured using a grayscale camera (an IDS UI-
3060CP-M-GL). The spectra of the ground truths have also been
characterized with the in-fiber spectrometer for comparison with
their reconstructions.

4.4 | Filter Selection via a Genetic Algorithm

The evaluation was carried out on groups of elements, called
generations, each containing ten filter sets. The first generation
contained one set containing all twenty-five unique filters and
nine randomly created sets. In every step of the algorithm,
each set of the current generation was evaluated and scored
on its reconstruction performance. The next generation was
then created from the current, ranked generation by a series of
operations: (i) The top scorer was kept for the next generation
(survival of the fittest); (ii) Four sets were created by combining
the elements of sets of the previous generation (crossover); (iii)
One set was created by randomly changing some filters of a
previous set (mutation); (iv) The remaining four sets were created
by randomly choosing filters from the database (random replace-
ment). The higher the score of a set within a generation, the more
likely it is to be chosen for the crossover and mutation operations
to improve promising sets further. Conversely, sets created by
random replacement were used to probe the combination space
as widely as possible. To optimize both the reconstruction quality
as well as the optimal number of filters, our genetic functions
operated in a non-intuitive manner: crossover, mutation, and ran-
dom replacement were able to generate filter sets that contained
the same filter multiple times, however, when reconstructing a
spectrum, each filter in the set was considered only once. Since
duplicates were not considered in the reconstruction, a set with
more duplicates had operationally a lower number of filters than
a set with less duplicates. Thus, the algorithm would reduce the
number of effective filters if this improved the reconstruction
quality.
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