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Miniaturized spectrometers are gaining significant attention in scientific and industrial fields due
to their compact footprint, low cost, and on-site analysis capability. Spectral reconstruction algo-
rithms are crucial for computational spectrometers to achieve accurate signal demixing and recov-
ery. However, these algorithms often struggle under low-light or noisy conditions. While deep
learning-based methods show promise, they remain insufficient for computational spectrometers
employing band-stop encoding arrays, which offer high optical throughput but introduce strong
spectral interference and complex measurement challenges. This work proposes a novel spectral
reconstruction framework that explicitly integrates physical priors through a multi-head cross-at-
tention mechanism. This approach dynamically models the interaction between the measurement
matrix and observed signals, enabling effective multimodal feature fusion and enhanced extraction
of discriminative spectral features. An experimental band-stop computational micro-spectrometer
system was built to acquire real data, and data augmentation strategies were applied to improve
model generalization. Comparative experiments with various algorithms on both datasets validate
the effectiveness of fusing physical prior information via the multi-head cross-attention mecha-
nism. This study presents a new paradigm for spectral reconstruction in band-stop computational
micro-spectrometers, offering an effective solution for interference-resistant spectral analysis in
computational spectrometry.

Keywords: physics-fusion, spectral reconstruction, computational spectrometers, robust super-resolution
reconstruction, band-stop filter array.

1. Introduction

Spectral analysis serves as a fundamental characterization tool in scientific research
and industry by decoding material-specific “fingerprint” signatures [1]. The field of
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nano-optics has witnessed significant development in recent years. For example, in
terahertz device design, various studies on broadband and tunable absorbers have
emerged. A notable instance is the work by Han and CHEN, who proposed a tunable
broadband terahertz absorber based on a single-layer graphene metasurface. Through
patterned graphene design and electrical tuning, the device achieved broadband absorp-
tion exceeding 90% in the approximately 1.14-3.31 THz range, while demonstrating
polarization-insensitive performance and angular stability. This provides experimental
evidence for the potential of graphene-based tunable broadband absorbers in imaging,
sensing, and photonic applications [2]. Computational micro-spectrometers based on
metasurfaces and other nano-devices are accelerating the advancement of computa-
tional spectroscopy. Their compact size and portability enable new real-time detection
capabilities in astronomy [3], physics [4], and chemical analysis [5], demonstrating
significant potential. While dispersive spectrometers achieve higher resolution at the
expense of reduced optical throughput [6], Fourier-transform spectrometers maximize
photon utilization but suffer from slow acquisition speeds due to their inherent step-scan
mechanism [7]. In contrast, computational micro-spectrometers reconstruct high-di-
mensional spectra from low-dimensional signals via the compressed sensing model
T,xnx,=1,[8]. Here, T denotes the system sensing matrix, x represents the spectral
vector to be reconstructed, and / is the measured one-dimensional response signal.
The structure of the computational micro-spectrometer system is illustrated in Fig. 1.
Incident light is transmitted through the filter array, and the resulting intensity signal
is collected by a CMOS detector. An algorithm is then employed to recover the spectral
information from this modulated intensity signal. The m in compressed sensing model
denotes the number of filter units and » represents the spectral channels. When m < n,
indicating an underdetermined system of equations, the sensitivity of the solution to
perturbations scales with the condition number of matrix 7 [9].

High-condition numbers induce ill-conditioning, where measurement noise ampli-
fies reconstruction distortion. Hence, noise-robust reconstruction algorithms are crit-
ically important for computational micro-spectrometers.

To overcome resolution and optical throughput limitations in conventional spectrom-
eters, recent studies employ band-stop filtering strategies coupled with a reconstruction
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Fig. 1. Diagram of the computational micro-spectrometer system.
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algorithm. For example, Tang et al. implemented metasurface-based band-stop filter-
ing and achieved spectral reconstruction via least-squares optimization [10]. This type
of spectrometer holds an advantage in low-light conditions due to its characteristic of
high optical throughput. When paired with an appropriate spectral reconstruction algo-
rithm, it can reconstruct the incident spectrum even in high-noise environments.

Deep learning demonstrates significant potential for spectral reconstruction, par-
ticularly in computational speed and noise suppression [11,12]. Subsequent studies in-
tegrated physical models to enhance performance. WAN et al. combined the sensing
matrix pseudoinverse with U-net under dual spectral-intensity loss constraints [13].
Brown et al. used fully connected networks to efficiently reconstruct random filter pro-
files [14]. Su et al. transformed the alternating direction method of multipliers (ADMM)
solver for spectral reconstruction equations into a neural network architecture, miti-
gating the black-box limitation [15]. Recent research has also explored integrating
Transformer architectures with physical imaging models to solve imaging inverse
problems. For instance, TransFNet has showcased enhanced reconstruction perfor-
mance in speckle correlation imaging by incorporating a physics-constrained Trans-
former structure, though its design remains primarily tailored to that specific imaging
scenario [16]. Traditional iterative methods require prior information and often involve
time-consuming parameter tuning, while data-driven neural networks struggle with
weak band-stop features and noisy conditions. Thus, developing noise-robust spectral
reconstruction networks remains a fundamental challenge for ultra-compact spectro-
scopic systems.

To overcome the dual limitations of noise sensitivity and calibration errors, this study
proposes a physics-fusion cross-attention (PF-CAtt) framework specifically designed
for band-stop computational micro-spectrometers utilizing guided-mode resonance fil-
ters (GMRF). This micro-spectrometer employs a 12 X 12 metasurface-based filtering
array [17]. While the narrow band-stop filtering design ensures high luminous energy
utilization, it simultaneously causes encoded optical signals to become susceptible to
drowning in background noise. The band-stop filtering characteristic leads to a very
high condition number in the sensing matrix 7. Therefore, any attempt to use traditional
iterative solvers or deep learning methods is rendered infeasible. PF-CAtt innovatively
employs multi-head cross-attention to integrate the system sensing matrix with re-
sponse signals, constructing a reconstruction framework that effectively addresses this
challenge. The mechanism of cross-attention captures latent relationships between the
sensing matrix and the response signals, significantly improving the recognition of
faint features. Requiring only small training datasets, PF-CAtt robustly reconstructs
761-channel visible spectra from noise-corrupted signals, establishing a novel para-
digm for low-light detection in ultra-compact spectroscopic systems. The number of
reconstructed spectral channels far exceeds the number of metasurface units, achieving
super-resolution spectral reconstruction. Unlike traditional optical resolution, which
is constrained by the Rayleigh criterion and determined by hardware physics, the super-
resolution discussed in this work aims to overcome the physical sampling limitation
through computational means. By leveraging algorithmic priors to solve the underde-
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termined inverse problem, it mathematically recovers finer spectral details than hard-
ware sampling allows, thereby realizing a software-level enhancement of spectral
resolution.

2. Experimental setup

To accurately acquire and analyze the spectral data required for the experiment, this
study designed and constructed a complete detection system for a computational
micro-spectrometer. The core of this system lies in the integration of an optical encod-
ing array with a computational reconstruction algorithm, aiming to capture and resolve
high-dimensional spectral information through a non-scanning, compact architecture.
The system primarily consists of a guided-mode resonance-based encoding chip, a com-
mercial spectrometer for capturing ground-truth spectra, and a detector for acquiring
signals modulated by the encoding chip. The various components of the system are
detailed below.

2.1. Micro-spectrometer based on band-stop filters

The metasurface configuration, depicted in Fig. 2(a), features a silicon dioxide (Si0O,)
substrate. A layer of silicon nitride (Si;N,) is deposited on this substrate, followed
by the fabrication of a periodic nanopillar array on the Si;N, film by electron beam
lithography.

Guided-mode resonance (GMR) is a phenomenon occurring in periodic optical
structures characterized by a strong resonance arising from phase matching between
the specific wavelength and the guided modes. This resonance enables the manipula-
tion of light at the nanoscale [18, 19]. These GMR metasurfaces exhibit high diffraction
efficiency and ultra-narrow linewidths [20—22]. Crucially, its fabrication process is
CMOS compatible, allowing the mass production of micro-spectrometers [23,24]. Due
to its subwavelength scale structure and flexible design, transmission properties can be
precisely engineered [25]. Precise control of nanopillar geometry, specifically height,
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Fig. 2. Diagram of the metasurface-based micro-spectrometer (a) GMRF metasurface unit. (b) Schematic
of the spectrometer featuring an individual 12 x 12 GMFR bandstop filter array integrated on top of
a CMOS imaging sensor. (¢) Transmission curves of some metasurface units.
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width, and periodicity, enables band-stop filtering responses in the visible spectrum
featuring tailored full-width-at-half-maximum (FWHM) characteristics and resonance
dip positions [26—30]. Figure 2(b) illustrates the metasurface-based micro-spectrom-
eter architecture, where incident light transmitted through the metasurface is mod-
ulated and subsequently captured by a CMOS detector, yielding the response signal.
The simulation results in Fig. 2(c) demonstrate the designed characteristic of the struc-
ture, featuring a dual resonance-dip configuration that enables narrowband filtering of
incident light.

2.2. Experiments and data acquisition

To acquire the experimental data, a computational micro-spectrometer system based
on an encoding array was constructed. This system was employed to capture the en-
coded response data and the corresponding ground-truth spectra, which served as labels
for the neural network.

2.2.1. Calibration

The calibration setup schematic is shown in Fig. 3(a). The light from a xenon source
was modulated by a monochromator to generate quasi-monochromatic light. The quasi
-monochromatic light was split by a beam splitter; one beam entered a commercial
spectrometer to record spectral ground truth in real time, while the other beam trans-
mitted through the encoding metasurface, ultimately being detected by a CMOS camera.

Across the visible spectrum, spectral scanning was performed using the monochro-
mator with increments of 0.5 nm during the 400-780 nm range (i.e., 761 steps). This
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Fig. 3. Spectrometer calibration. (a) Spectrometer calibration setup. (b—d) Response of the metasurface
array under illumination with different wavelengths. (e, f) Incident broadband spectrum and the corre-
sponding response of the spectrometer. (g) Experimentally measured transmission curve of the metasur-
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yielded a raw system sensing matrix 7|, with dimensions 761 x 144, representing the
spatial response of the detector to every monochromatic light. Each row of matrix 7},
corresponds to the intensity distribution of a specific monochromatic wavelength on
the CMOS focal plane. Figures 3(b)—(d) display the CMOS images recorded for dif-
ferent monochromatic lights transmitted through the filter. The corresponding 144 fil-
ter response signals for each quasi-monochromatic light are obtained by extracting the
pixel values at these subunit locations. To eliminate nonuniformity of the intensity
across wavelengths, the calibrated sensing matrix was preprocessed to reduce calibra-
tion errors, yielding the final sensing matrix 7. Detailed procedures are documented
in Section 3.

Each column in this matrix represents the transmittance curve of a specific filter
unit across the visible spectrum. As shown in Fig. 3(g), key characteristics of these
transmittance profiles, including extinction ratios and resonance dip positions, differ
from ideal theoretical curves, posing significant challenges for spectral reconstruction.

2.2.2. Data acquisition

Training datasets, generated using a spectrometer-based metasurface imaging system,
were developed to optimize the neural network model. The experimental optical setup
is shown in Fig. 3(a). The monochromator in the calibration system was replaced with
colored optical filters. Light transmitted through different color filter combinations
generated different modulated broadband spectra. A commercial spectrometer record-
ed spectral ground truth as neural network labels, while the CMOS camera captured
modulated spectral responses serving as network inputs. Figures 3(e) and (f') show rep-
resentative incident broadband spectra and corresponding CMOS responses, respec-
tively.

A measured data set of 1005 samples was collected, each pairing a spectral ground-
truth curve with its corresponding response signal. The data set was partitioned into
training and test sets in an 8:2 ratio, establishing the foundation for neural network
training.

2.3. Data augmentation and noise simulation

The collected data underwent cleaning and augmentation. Data expansion was specif-
ically achieved by applying perturbation in the principal component analysis (PCA)
space. Furthermore, noise simulation was implemented on the augmented dataset using
the K-nearest neighbors (KNN) machine learning method. Ultimately, a dataset of
substantial size and dimensionality was obtained. To quantitatively validate the distri-
butional consistency of the PCA + KNN augmentation strategy, we analyzed the ge-
ometric properties of the generated spectra in the feature space. The distribution of
pairwise cosine similarities (Mean = 0.63, Std = 0.24) confirms that the augmented da-
taset maintains substantial variance and effectively covers the feature space without
suffering from mode collapse. Furthermore, the exceptionally high nearest neighbor
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similarity (Mean > 0.99) indicates that the augmented data forms a dense and smooth
manifold, suggesting that the generated samples are locally consistent and adhere to
the underlying continuous structure of the spectral data.

2.3.1. Spectral dataset augmentation

The size of the spectral training dataset obtained through actual measurements is rel-
atively small. To guard against potential overfitting in deep learning that may arise
from using such a limited dataset, this study employed a systematic data augmentation
strategy combining PCA with a cosine similarity-based screening method to expand
the spectral dataset, thereby generating a sufficiently large and well-distributed aug-
mented dataset.

The augmentation process consisted of two main parts: redundancy removal through
spectral screening and spectral generation via perturbation in PCA space. Ultimately,
this procedure yielded an augmented spectral dataset containing 4000 entries. Quan-
titative analysis confirms distributional consistency: the augmented dataset maintains
a global mean intensity of 0.625 ($\pm$0.237), aligning with physical laws. Further-
more, the high average nearest-neighbor cosine similarity (0.9955) demonstrates that
the generated spectra strictly preserve the morphological characteristics of real-world
signals.

2.3.2. Noise simulation

Following the spectral data augmentation, simulated response data can be obtained
through the system sensing matrix 7 and the linear model

Tx=1

However, such simulation yields only the ideal linear response and does not ac-
count for various noise sources and nonlinear instrument errors present in real meas-
urements, such as systematic and environmental noise. Therefore, it is necessary to
construct a model capable of learning the noise distribution from actual measurements
to generate realistic noise perturbations for the augmented spectra.

This study proposes a generation method based on conditional K-nearest neigh-
bors (KNN) noise fitting. The core premise is that spectra with similar response base-
lines should exhibit similar noise patterns. Consequently, realistic noise can be generated
by searching for and blending the noise patterns from measured samples with similar
responses via KNN. Detailed procedures are documented in Section 5.

The 4000 spectra generated via PCA augmentation maintain distributional charac-
teristics consistent with the real measured data in a statistical sense. Simultaneously,
the conditional KNN-based noise fitting for the response baseline achieves noise
transfer from real measurements to the augmented data. This ensures the generated
noise is not only physically realistic but also preserves local similarity and continuity.
The final augmented dataset is capable of significantly enhancing the robustness and
generalization performance of subsequent regression models in noisy environments.
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3. Results and discussion
3.1. Neural network-based reconstruction algorithm

A spectral reconstruction algorithm that integrates physical priors through multi-head
cross-attention is proposed, with its architecture illustrated in Fig. 4. This framework
combines physical modeling with deep learning. The sensing matrix 7, which represents
the prior spectral response characteristics of the GMR encoding metasurface, is pro-
cessed through dedicated convolutional layers for feature extraction. The 761 channels
are mapped to 8 channels via convolution, while the detector acquired intensity response
vector / is expanded to 8 channels through convolutional upsampling. Multi-head
cross-attention then splits these inputs into 4 heads along the channel dimension and
fuses them with matrix 7, generating 8-channel integrated features. This multi-head
mechanism enables deep fusion of physical priors with raw observational data. The in-
tegrated features are subsequently fed into a convolutional neural network backbone
based on the U-net architecture. In the proposed multi-head cross-attention mechanism,
the query (Q) is projected from the response signal /, while the key (K) and value (V)
are derived from the sensing matrix T. This architectural design embodies a specific
physical interpretation: the observed signal actively queries the system’s response
characteristics. By computing the attention weights between the signal and the sensing
matrix, the model dynamically highlights the specific components of the system matrix
that are most relevant to the current observation, thereby enhancing the interpretability
and reconstruction accuracy of the network.

The selection of a 7-layer depth for the U-net backbone was determined by the spa-
tial constraints of the input spectral dimension (N = 144). Since each encoder block
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Fig. 4. Algorithm architecture. Schematic (a) Schematic of the spectral reconstruction neural network.
(b) Multi-head cross-attention mechanism.
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utilizes a stride-2 convolution for downsampling, a 7-layer architecture reduces the
feature map size to the theoretical minimum (approaching a scalar representation at
the bottleneck) without causing spatial collapse. This depth was chosen to maximize
the receptive field and global feature abstraction capability while strictly adhering to
the geometric limitations of the input data size.

The network employs a symmetric encoder-decoder architecture, with both paths
containing seven convolutional blocks. Each block consists sequentially of a convolu-
tional layer, a batch normalization layer, and a LeakyReL.U activation function. Batch
normalization regularizes feature distributions to effectively suppress overfitting, while
LeakyReL U mitigates vanishing gradient issues and enhances training stability. The en-
coder progressively compresses spatial dimensions through down-sampling operations
while extracting high-level abstract features. On the contrary, the decoder restores spa-
tial resolution via upsampling operations with skip connections, incorporating shal-
low-layer details to optimize reconstruction accuracy [31].

The feature maps from the decoder output undergo flattening to form a 1D vector,
which is then fed into a fully-connected layer for dimensionality mapping. This ulti-
mately outputs a reconstructed spectral vector X spanning the 400—780 nm wavelength
range.

This work begins from theoretical principles, designing the algorithm architecture
based on a mathematical model, as outlined above, the spectral reconstruction task can
be formulated as an underdetermined inverse problem:

Tx=1

where 7 € R'"* is the system measurement, x € R®! is the high-resolution spectrum
to be recovered, an T € R'*”7°! denotes the system transfer matrix. Since 144 < 761,
the inverse mapping from / to x is not unique. Therefore, a valid reconstruction model
must explicitly incorporate the physical matrix 7 to constrain the solution space.

To address this challenge, we introduce a cross-attention—fusion U-net architec-
ture. The model first encodes the measurement / and the sensing matrix 7 into feature
spaces:

Fy=0,(1)
Fr=on(T)

where ¢; and ¢ are learnable convolutional encoders. Instead of simply concatenating
the two features, we design a multi-head cross-attention module that establishes an ex-
plicit dependency between the measurement and the physical system:

Attn(Q, K, V) = softmax( JV
2 b
Nd

with Q= W, F;, K= W, Fy,and V= W, F.
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This formulation allows each spectral component in / to adaptively query the most
relevant structural information in 7. The resulting attention matrix can be interpreted
as a learnable inverse operator that approximates a physics-informed regularizer:

x = argmin|| Tx—III2 + ¥ (x; T)
X

where ¥, represents the implicit prior encoded by cross attention. In this way, the pro-
posed model incorporates the physical measurement process directly into feature inter-
action, significantly improving the identifiability of the solution in an underdetermined
setting.

Finally, the fused representation is decoded by a multi-scale U-net, which captures
both local peak structures and global spectral trends, ensuring that the reconstructed
spectrum is physically plausible and structurally consistent with the ground truth.

Consistent training parameters were applied across all datasets. The model was
trained using the Adam optimizer with an initial learning rate of 0.001, a batch size of 32,

Table 1. Reconstruction performance of different algorithms on experimentally measured and aug-
mented datasets.

Dataset Method MSE
Reg NNLS 0.0140
ADMM-LASSO 0.0190
PD-net 0.0067
Transformer1D 0.00179
Measurement BiLSTM 0.00122
dataset TCN 0.00454
Res-CNN 0.00966
MLP 0.00154
U-net (ablation) 0.000982
PF-CALtt (Ours) 0.000755
Reg NNLS 0.0162
ADMM-LASSO 0.0165
PD-net 0.0052
Transformer1D 0.00191
KNN-made BiLSTM 0.00123
dataset TCN 0.00159
Res-CNN 0.00199
MLP 0.00165
U-net (ablation) 0.00102

PF-CAtt (Ours) 0.000727
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and atotal of 1,500 epochs. A step-based learning rate scheduling strategy was adopted,
where the rate was halved if the loss showed no improvement over 300 consecutive
epochs. To ensure a fair comparison, all algorithms were executed on the same CPU
(AMD Ryzen 7735H) and GPU (NVIDIA 4060), with the results depicted in Table 1.

Table 1 presents a comparative analysis of results obtained under the experimen-
tally measured dataset and its augmented counterpart, all trained under identical pa-
rameter settings.

3.2. Comparative model setup

To validate the effectiveness of the proposed PF-CALtt in solving the underdetermined
linear inverse problem Tx =/ for spectral reconstruction, we designed a series of
systematic comparative experiments. The compared models encompass a range of rep-
resentative methods, from traditional 1D sequence models to deep convolutional ar-
chitectures, and include an ablation model with the multi-head attention mechanism
removed, in order to analyze the independent contribution of this core innovative mod-
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ule. In addition to deep learning methods, we also compared the performance of tra-
ditional iterative algorithms for this spectral reconstruction task, including regularized
non-negative least squares (Reg NNLS) and a sparsity-promoting solver using the al-
ternating direction method of multipliers (ADMM-Lasso).

The PF-CAtt model proposed in this paper builds upon a U-net-style encoder-decoder
architecture by further introducing a multi-head cross-attention module, which enables
explicit interaction between the input signal x and the sensing matrix 7 in the feature
space. Specifically, the model first extracts feature from the input and the matrix encoding
separately using one-dimensional convolutional encoders. It then computes cross-modal
attention with x as the query and 7 as the key/value, thereby achieving a structured fusion
ofthe physical imaging mechanism. Subsequently, the fused features are fed into a deep
U-net to accomplish pointwise recovery of the spectral sequence.

Furthermore, we selected several typical one-dimensional sequence modeling meth-
ods as baselines, including a transformer encoder, bidirectional LSTM (BiLSTM),
temporal convolutional network (TCN), a 1D residual CNN, and a multi-layer percep-
tron (MLP). All these models directly process the input sequence of length 144 and
output the reconstructed 76 1-dimensional spectrum. They represent common sequence
regression frameworks in recent years and serve as important controls for determining
whether our proposed architecture fully leverages physical constraint information.
Among the comparative algorithms, we also selected previously proposed neural net-
works that incorporate physical priors, such as PD-net [13].

Demonstrating robust spectral reconstruction capabilities, Fig. 5 presents the perfor-
mance of PF-CAtt on experimental data, accurately recovering complex spectral pro-
files despite significant noise interference and system deviations inherent in real-world
measurements.

3.3. Results and discussion

The experimental results in Table 1 demonstrate that our algorithm PF-CAtt achieves
higher-precision spectral reconstruction, showing improvements of 23.12% and 28.73%
over the ablation model on the experimentally measured and augmented datasets, re-
spectively. Its performance gain is even more significant compared to other deep learning
algorithms designed for processing one-dimensional data. On both the experimentally
measured and augmented datasets, PF-CAtt achieves an accuracy improvement ex-
ceeding 90% over traditional iterative algorithms.

In computational spectrometers, reconstruction performance is fundamentally lim-
ited by fabrication-induced deviations in GMR filters. The measured filter curves in
Fig. 3(g) exhibit significant deviations from the theoretical curves designed in Fig. 2(c).
These discrepancies arise from nanofabrication accuracy limitations. Correlation heat
maps of measured filter transmittance functions in Fig. 6(c) reveal a low correlation
between the curves, partially demonstrating the potential of this architecture for spec-
tral reconstruction [32].
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Noise interference from the CMOS camera also poses severe challenges to recon-
struction accuracy. The structural compactness of the metasurface coupled with weakly
differentiated features across unit cells, exacerbates the susceptibility of noise in in-
tensity measurements. Despite the use of homogenizing lenses to optimize illumination
uniformity, the beam intensity distribution remains imperfectly uniform. Non-uniform
illumination causes deviations in the metasurface’s transmission response from ideal
conditions, adversely affecting inverse spectral reconstruction. Stray light from surface
reflections, coupled with inherent CMOS shot noise and dark current noise, collec-
tively degrade the SNR of detected signals [33]. Figure 6(a) shows the incident broad-
band spectrum, while Fig. 6(b) presents the corresponding simulated noise-free and
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panel h).
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experimentally measured noisy intensity response curves. Minute-camera noise se-
verely perturbs these low-dynamic-range response curves, adversely affecting spectral
reconstruction.

The design of the filter array prioritizes high transmittance, producing a sensing
matrix 7 with a condition number approximately 1.9 x 10°. Within the system T'x =/
underdetermined, a large condition renders the reconstruction highly sensitive to
noise in the response signal / [34], inducing significant distortion in the recovered
spectrum x. Designed filter curves achieve 92.8% average optical transmittance, while
measured curves achieve 89.8%. Corresponding average encoding information ratios
defined as the proportion of filtered spectral components relative to total transmittance
are 7.2% and 10.2%, respectively. In certain scenarios, encoded information becomes
completely obscured by background noise, presenting a substantial reconstruction
challenge.

Furthermore, the input data exhibits homogenized response characteristics where
the transmittance curves of different filter units differ only through minor resonance
dip positional shifts. This results in less than 5% response variation across channels
for identical incident spectra, creating weak feature discrimination amidst high back-
ground noise, which presents a challenge for high-accuracy spectral reconstruction.

Previous studies have integrated physical priors into neural networks through various
approaches, such as pioneering application of neural networks to spectral reconstruc-
tion [35] and dual intensity-spectrum loss constraints based on the sensing matrix [13].
These methods demand high data accuracy and perform well when sensing matrix char-
acteristics are well-defined and measurement errors are minimal. However, in this sys-
tem, characterized by multiple optical components, as previously discussed, the precise
construction of the 7 sensing matrix is challenging. Consequently, applying these ap-
proaches introduces computational burdens rather than benefits. As evidenced in
Table 1, strongly physics-constrained algorithms significantly underperform on the ex-
perimental data set. Similarly, constrained by the large condition number of the sensing
matrix, traditional iterative algorithms perform poorly in the spectral reconstruction
task. The term “strong constraint” here refers to the direct integration of physical con-
straints by inverting the sensing matrix and multiplying it with the response signal. If
the sensing matrix is measured accurately and has a low condition number, this inver-
sion-based fusion can indeed be beneficial. Conversely, in our system—designed to
resolve the trade-off between spectral resolution and optical throughput—the sensing
matrix is highly ill-conditioned, making it unsuitable for inversion. Furthermore, noise
introduced during the calibration process would also compromise the effectiveness of
such a prior-integration approach. The multi-head cross-attention mechanism effec-
tively adapts to high-condition-number sensing matrices, enabling the successful fu-
sion of physical priors.

As evident from the experimental results in Table 1, PF-CAtt significantly outper-
forms all other models across evaluation metrics. This advantage is particularly pro-
nounced in the recovery of high-frequency spectral details and the consistency of the
overall spectral shape. The superiority primarily stems from the following key points.
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The cross-modal multi-head attention significantly enhances the model’s efficiency in
utilizing the sensing matrix 7. In underdetermined problems, the input sequence x alone
provides insufficient constraints. The attention module dynamically captures the con-
tribution of T across different spectral bands, thereby enabling superior recovery of
the structural details in the true spectrum.

The multi-scale convolutional structure of U-net further strengthens the simulta-
neous modeling of both local and global information. Compared to pure sequence
models (e.g., LSTM, Transformer), U-net holds advantages in modeling both low-fre-
quency trends and local smoothness, resulting in more stable performance for spectral
regression tasks. To effectively learn the fused input features, the U-net framework em-
ploys a seven-layer encoder-decoder configuration. This deep convolutional architec-
ture exhibits strong representational capacity.

The performance of the ablation model (U-net) shows an obvious decline, proving
that the attention module is the key factor driving performance improvement. Exper-
iments indicate that removing the cross-attention weakens the model’s ability to ex-
press the system’s physical characteristics, causing the reconstruction results to rely
more heavily on the convolutional features themselves. This makes it difficult to ef-
fectively handle the inherent solution multiplicity in underdetermined systems.

Furthermore, models such as transformer, TCN, CNN, and MLP, although com-
monly employed for general 1D sequence regression tasks, all underperform our pro-
posed method in this specific task. This indicates that such models lack the structured
modeling capability for the physical relationship between T and x, consequently hinder-
ing their ability to achieve precise spectral reconstruction.

In summary, the proposed PF-CAtt, by integrating a multi-head cross-attention
mechanism into a deep U-net structure, achieves effective encoding of and feature in-
teraction with the sensing matrix 7, demonstrating significant advantages in underde-
termined spectral reconstruction scenarios. The comparative and ablation experiments
validate the core role of the attention module in performance enhancement and confirm
that the proposed model design is grounded in solid physical understanding and engi-
neering feasibility.

Figures 6(d)—(f) illustrate the reconstruction results for three representative spec-
tra from the measured dataset. In the challenging case of rapidly varying spectral fea-
tures, the PF-CAtt algorithm faithfully recovers abrupt changes, delivering a markedly
lower mean-squared error (MSE) and thus significantly outperforming the competing
methods.

The weight distribution maps in Figs. 6(h) and (i) illustrate the operation of the at-
tention module. The visualization shows that the eight distinct heads attend differently
to the 144 metasurface units, effectively validating the designed mechanism’s capa-
bility to learn varied, task-relevant features. Multi-head process multidimensional in-
formation from dual data streams [36], establishing connections between physical
priors and optical response data. This multi-head attention mechanism effectively con-
solidates input data with physical priors, enhancing feature separability and significantly
improving algorithmic robustness. The integration of the 7 sensing matrix essentially
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embeds differentiable optical sensing models within the network, guiding the learning
of physically constrained spectral mapping relationships.

4. Conclusions

In this work, an optical platform for a band-stop computational micro-spectrometer
was constructed to acquire an experimental dataset specifically tailored for spectral re-
construction. On this dataset, the proposed method achieves reconstruction accuracy
improvements of 94.6% and 23.12% compared with conventional iterative reconstruc-
tion methods and data-driven neural networks, respectively. To mitigate overfitting and
enhance data diversity, principal component analysis (PCA) and a K-nearest neighbors
(KNN)-based strategy were introduced to perform effective spectral augmentation and
high-fidelity simulation of realistic noise. On the augmented dataset, the proposed al-
gorithm demonstrates an accuracy improvement of 95.4% over traditional iterative ap-
proaches and achieves gains of at least 28.73% compared with existing deep learning
methods designed for one-dimensional spectral data. These results clearly validate the
effectiveness of the proposed multi-head cross-attention mechanism in fusing physical
prior information for spectral reconstruction. The proposed PF-CAtt framework offers
a new direction for the development of interference-resistant spectral reconstruction
algorithms in computational micro-spectrometry.
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