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Abstract: Hyperspectral (HS) image reconstruction has emerged as a crucial research direction in
computational imaging, enabling the retrieval of high-resolution spectral data from compressive
snapshot measurements. With the rapid evolution of deep neural networks, HS image reconstruction
technique has significantly advanced in both accuracy and efficiency, enabling more precise spectral
recovery across many applications. This survey provides a comprehensive review of recent advances in
HS image reconstruction strategies, being categorized into traditional model-based approaches, deep
learning-based techniques, and hybrid pipelines that integrate data-driven learned prior knowledge
with the mathematical formulation of the compressive degradation process. We discuss the theoretical
foundations, advantages, and limitations of all three different strategies, highlighting key develop-
ments such as sparsity-based reconstruction and low-rank modeling in the model-based methods,
convolutional neural network to transformer architecture evolution in the learning-based approaches,
and deep unfolding framework in the hybrid pipelines. In addition, we investigate benchmark datasets,
evaluation metrics, and key challenges—including spectral distortion, computational efficiency, and
generalizability across diverse scenarios—along with potential future trends aimed at addressing these
limitations. This survey aims to serve as a valuable resource for researchers and practitioners seeking
to advance the state of the art in HS image reconstruction.

Keywords: hyperspectral image reconstruction; degardation; sensing mask; spatial-spectral modelling;
long-dependency; MLP network

1. Introduction

Hyperspectral (HS) imaging extends beyond the conventional three-channel RGB representation
by capturing a larger number of spectral bands across a continuous electromagnetic spectrum. This rich
spectral resolution enables the differentiation of subtle material compositions and surface characteris-
tics that remain indistinguishable in standard RGB imaging modalities. Consequently, HS images have
been widely employed across diverse scientific and industrial domains, including image classifica-
tion [1-3], remote sensing for land cover mapping and resource exploration [4-7], biomedical imaging
for disease diagnosis and tissue characterization [8,9], and environmental surveillance for pollution
detection and ecological monitoring. Traditionally, HS data acquisition relies on spectrometers that
sequentially scan scenes along either the spectral or spatial dimensions, and thus inherently imposes
significant temporal constraints. The sequential nature of such scanning methodologies renders them
inefficient for capturing dynamically evolving phenomena, thereby limiting their applicability in
real-time and high-speed imaging scenarios.

To address the limitations inherent in traditional HS imaging systems, snapshot compressive
imaging (SCI) systems [10-13] have been developed, enabling the acquisition of HS images at video
frame rates. Among these, coded aperture snapshot spectral imaging (CASSI) [14-16] has emerged as a
promising and innovative imaging modality that allows for the real-time capture of high-quality spatial
and spectral information. CASSI leverages a coded aperture along with a disperser to modulate the HS
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signals across different wavelengths, effectively compressing them into a 2D measurement. Despite
the promising potential of video-rate HS capture, the sensing capability of CASSI systems remains
constrained by their limited ability to effectively capture sufficient incident light due to significant
light attenuation in the coded aperture and dispersive elements. Moreover, the multiplexing nature
of CASSI may also result in a low signal-to-noise ratio (SNR), particularly in low-light conditions
or when capturing dynamic scenes. Consequently, enhancing the light efficiency of CASSI remains
a critical challenge, necessitating the development of advanced optical designs, improved coding
strategies, and noise-robust reconstruction algorithms to mitigate these constraints and optimize the
system’s overall sensing performance. More recently, Motoki et al. [17] implemented a spatial-spectral
encoding approach by integrating an array of 64 complementary metal-oxide—semiconductor (CMOS)-
compatible Fabry—Pérot filters directly onto a monochromatic image sensor, dubbed as random Array
of Fabry-Pérot Filter (FAFP). This design enables efficient spectral differentiation while maintaining
high optical transmission, thereby optimizing light throughput and minimizing signal loss. The system
achieves a measured sensitivity of 45% for visible light, ensuring effective photon utilization, while
the spatial resolution of 3 pixels at a 3 dB contrast level allows for accurate feature preservation. The
integration of these filters facilitates high-fidelity hyperspectral image acquisition by reducing spectral
cross-talk and enhancing the robustness of subsequent reconstruction algorithms. In addition this
optical encoding system operates at a frame rate of 32.3 frames per second (fps) at VGA resolution,
meeting the practical requirements for real-time hyperspectral imaging applications. Similar to
the CASSI system, the encoded measurement in the FAFP system remains a 2D snapshot image.
Despite employing a different spectral encoding mechanism, FAFP shares the fundamental principle
of compressing high-dimensional HS information into a lower-dimensional representation. This
compression inherently introduces challenges in the reconstruction process, as recovering the full
spectral-spatial information from a single 2D measurement remains an ill-posed inverse problem.
Consequently, advanced computational reconstruction techniques are required to accurately retrieve
the HS data while mitigating spectral distortion and preserving spatial details.

To tackle the challenging reconstruction task, various advanced methodologies have been pro-
posed, including model-based optimization techniques, end-to-end (E2E) learning-based approaches,
and deep unrolling pipelines. Traditional model-based methods [18-22] typically employ mathe-
matical optimization frameworks that incorporate domain-specific priors, such as sparsity, low-rank
constraints, or total variation regularization, to enhance reconstruction accuracy and mitigate ill-
posedness. While these methods offer theoretical interpretability and robustness, they often suffer
from high computational costs and limited adaptability to complex real-world senarios. In contrast,
E2E learning-based techniques [23? —29] leverage deep neural networks to establish a direct mapping
between the compressed measurements and the target HSIs, effectively bypassing the design of the
hand-crafted priors. These methods have demonstrated remarkable performance improvements
by learning inherent feature representations from large-scale datasets, enabling efficient and high-
quality reconstructions. However, the black-box nature of deep learning models poses challenges in
interpretability and generalization to unseen imaging conditions.

To bridge the gap between model-based and deep learning approaches, deep unrolling pipelines
(DUN) [26,30-33] have emerged as a hybrid solution, integrating iterative optimization schemes
with trainable neural network components. By unrolling traditional iterative algorithms into a finite
number of network layers, these methods retain interpretability while potentially accelerating the
reconstruction process through learned parameter adaptation. Moreover, the integration of data-driven
prior learning through deep neural networks and the explicit model representation in DUNs has the
potential to achieve high-fidelity HS image reconstruction.

Although these recent advancements have significantly improved the reconstruction of HS images
from compressed measurements, several critical challenges remain unresolved, particularly in terms
of computational efficiency and generalization in real-world imaging systems, necessitating further
research efforts. The process of HS image reconstruction from highly compressed measurements
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continues to be a major bottleneck due to the inherent trade-offs between reconstruction accuracy,
processing speed, and robustness under diverse imaging conditions. Therefore, a comprehensive
review of existing reconstruction methods, along with a detailed analysis of their respective advantages
and limitations, is essential to provide deeper insights into the current state of the field. Such an
evaluation will not only facilitate a better understanding of the strengths and weaknesses of various
approaches but also highlight key areas that require further innovation. Specifically, we begin by intro-
ducing the fundamental image formation models for HS images. We then provide a comprehensive
review and comparison of three major reconstruction approaches: model-based methods, end-to-end
learning-based techniques, and deep unfolding frameworks. Additionally, we briefly summarize
the commonly used HS image datasets and performance evaluation metrics associated with these
methods. To provide practical insights, we systematically evaluate and compare several representative
algorithms through simulations on publicly available open-source datasets. Finally, we highlight key
challenges and emerging trends in the field, aiming to inspire future research toward the development
of more efficient, accurate, and robust HS image reconstruction frameworks.

2. Spectral Snapshot Imaging Model

The acquisition of a three-dimensional HS data cube-comprising two spatial dimensions and
one spectral dimension-without employing scanning mechanism, remains a fundamental challenge.
This limitation primarily stems from the constraints of conventional detector technologies, which are
typically restricted to one-dimensional (1D) or two-dimensional (2D) sensor arrays. These conven-
tional configurations are inherently incapable of capturing the complete spectral-spatial information
simultaneously, necessitating alternative approaches to enable snapshot acquisition. Furthermore,
the HS imaging process is intrinsically subject to trade-offs among several critical system parameters,
including spectral resolution, spatial resolution, acquisition time, and optical throughput. Optimiz-
ing any one of these parameters often necessitates concessions in the others, making the design of
high-performance systems a complex and tightly coupled optimization problem.

To address the above-mentioned limitations and facilitate real-time, compact, and efficient HS
imaging, compressive sensing (CS) [34] frameworks have been widely adopted. CS leverages the
inherent sparsity or compressibility of natural scenes in appropriate transform domains to enable
the reconstruction of high-dimensional data from a significantly reduced number of measurements.
By integrating signal sparsity assumptions with innovative optical encoding strategies, CS-based
methods offer a viable pathway toward snapshot HS imaging with reduced hardware complexity and
faster acquisition speeds. In recent years, a variety of compressive spectral imaging modalities have
been developed and demonstrated significant advancements in dynamic spectral data acquisition.
Notably, the Computed Tomography Imaging Spectrometer (CTIS) [35,36] employs a diffractive optical
element to project the three-dimensional spectral data cube into a series of two-dimensional projections,
which are subsequently reconstructed through tomographic algorithms. Similarly, the Coded Aperture
Snapshot Spectral Imager (CASSI) [11,12,14] utilizes a coded aperture in conjunction with a dispersive
element to modulate and shear the incoming light, enabling the encoding of spectral-spatial information
into a single 2D snapshot. More recently, a novel HS sensor based on a CMOS-compatible random
Array of Fabry—Pérot Filters (FPFA sensor) [17] has been explored, and manifests great advantages
of high sensitivity, compact size (CMOS-compatible). To this end, these systems have collectively
demonstrated remarkable potential for real-time and resource-efficient HS imaging. Next, we present
the imaging process in the CASSI and the FPFA systems and their mathematical formulation.

CASSI imaging system: the CASSI imaging or encoding system primarily comprises the follow-
ing key components: 1) imaging optics for capturing the light from the target scene; 2) coded aperture
(sensing mask) as a spatial light modulator for encodeing the incoming light in a spatially varying man-
ner; 3) dispersive element for perfoming wavelength-dependent shift to effectively spread the spectral
components across the spatial domain; 4) 2D focal plane array as detector for integrating the spectrally
shifted and spatially modulated light into a single 2D compressed measurement. An overview of
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the fundamental CASSI imaging process is illustrated in Figure 1. Specifically, let us consider a 3D
HS image denoted by X € RF*WXA where H and W correspond to the spatial dimensions—height
and width of the scene—and A denotes the number of discrete spectral bands. In CASSI system, a

coded aperture (also referred to as a spectral sensing mask), represented as M € RF*W

, is employed
to spatially modulate the image at each spectral band A. As a result, the modulated intermediate image
for each spectral slice is formulated as:

Y, =X, oM, ey

where X, denotes the 2D image corresponding to the A-th spectral band, © indicates the element-wise
multiplication, and Y € RF*WXA represents the modulated cube. Subsequently, the modulated
spectral data cube Y’ undergoes a wavelength-dependent spatial displacement along the horizontal
axis, implemented by a dispersive optical element. This process introduces a spectral shear, whereby
each spectral band is shifted laterally by an amount proportional to its wavelength index. Let 4 denote
the dispersion step size, i.e., the number of pixels by which each successive spectral band is shifted.

As a result, the spectrally dispersed data cube Y” € RH*(W+d(A-1))xA

is generated, where the spatial
width is extended to accommodate the cumulative shifts across all A spectral bands. The dispersive

process can be formally described as follows:
Y)(w, h) = Yy (w, h +d(A)), 2

where, h and w denote the spatial coordinates corresponding to the vertical and horizontal positions,
respectively, in the imaging plane. After spectral dispersion, the resulting data cube Y contains
spatially modulated and laterally shifted spectral components. To obtain the final 2D compressive
measurement, denoted as Y, the system performs an integration along the spectral dimension. This
spectral projection aggregates the energy contributions from all shifted spectral bands into a single 2D
image on the detector plane. Mathematically, this process can be formulated as:

A
Y=Y Y{+N, ®)
A=1

where N represents the additive measurement noise, which arises from various sources such as sensor
readout errors, photon shot noise, and thermal fluctuations during the acquisition process. To facilitate
mathematical analysis and algorithmic implementation, the measurement model described from Egs. 1
to 3 is reformulated using a matrix-vector representation. This compact form allows the compressive
sensing problem to be addressed using linear algebraic tools and optimization frameworks. The
reformulated model is expressed as follows:

y:@x—f-n, (4)

where @ refers to the re-shaped sensing matrix, typically characterized by its fat (i.e., underdetermined)
and highly structured nature. In most CASSI frameworks, the same coded aperture (sensing mask) is
uniformly applied across all spectral bands, and then a dispersive element is incorporated to introduce
a wavelength-dependent spatial shift, thereby enabling the spectral encoding of the 3D hyperspectral
data cube into a 2D measurement through spatial integration.

The FPFA sensor: a recent approach [17] introduces a fundamentally different compressive
imaging strategy based on spatial-spectral coded optical filters. This imaging method employs a
random array of Fabry—Pérot filters monolithically integrated onto a CMOS sensor. Each filter cell
transmits light at specific wavelengths, creating a spatially random spectral measurement matrix,
where light passes through the filter array directly, with no dispersive element [17,37]. The spectral
encoding is achieved via the transmittance patterns of the filters, which are designed to minimize
correlation between wavelengths. Given a 3D HS image X and the equipped Fabry-Pérot filters
M € RI>WXA with wavelength-dependent and spatially varying transmittance (weights), and the
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imaging process in the FPFA sensor can be typically modeled by taking a weighted sum along the
spectral dimension as:
A
Y =) X(whA)©M(w,h,A). (5)
A=1
Similar as in the CASSI system, Eq. 5 can be rewriten in a compact form: y = ®x + n, where ®
is typically sparse and highly structured, depending on the specific layout and transmission profile
of the FP filters. It reflects the mapping from the 3D spectral space to the 2D measurement space.
Thanks to the compact integration of the FPFA with CMOS sensors, the system benefits from: 1)
High sensitivity, due to narrowband transmission of the resonant cavities; 2) Compact and CMOS-
compatible hardware, suitable for low-power and portable platforms; 3) Single-shot and real-time
operation, enabling applications in real-world consumer electronics such as smartphones and drones.
The comparisons between the CASSI and FPFA sensors are illustrated in Table 1.

Spectral snapshot imaging phase
Spectral
Coded Aperture  Modulated dispersed

3D HSI Cube (Sensing mask) cube data

- 4=

X € RHXWxXA M € RHXW Y' € RHXWXA

Snapshot
Measureme

Detector

=

Disperser

—

Y' € RHXWHd-(A-1)xA Y € RHX(W+d-(A-1))

Figure 1. The conceptual scheme of the spectral compressive imaging process in the CASSI system.

Table 1. Comparisons between the CASSI and FPFA sensors.

Aspect CASSI FPFA
Encoding method | Coded aperture + dispersion Fabry—Pérot filter array
Spectral Resolution 10-20 nm 10 nm (visible range)
Light Throughput | Lower (50% loss at aperture) | High (45% average transmission)
Key Advantage Flexibility in spectral range | Compact, high sensitivity, real-time

Following the spectral compressive measurement, a critical step involves reconstructing the latent
3D HS image x from the compressed 2D observation y. This inverse problem is inherently ill-posed due
to the significant dimensionality reduction during acquisition. The subsequent section will presents
the existing computational reconstruction methods for the spectral snapshot imaging systems.

3. Computational Reconstruction Methods

To date, a wide range of computational reconstruction techniques have been developed to ad-
dress the challenges inherent in Coded Aperture Snapshot Spectral Imaging (CASSI) systems. These
approaches primarily fall into three major categories: traditional model-based methods [11,18-22,38],
deep learning-based methods [23-26,39,40] and deep unfolding framework [30,32,33,41-45] .

3.1. Model-Based Computational Reconstruction Methods

Model-based methods [11,18-22,38] formulate the HS image reconstruction as an inverse problem,
leveraging explicit physical models of the spectral snapshot acquisition process. These methods
typically incorporate domain knowledge through regularization terms—such as sparsity, low-rank
priors, or total variation—and solve the resulting optimization problem using iterative algorithms.
Specifically, given the known sensing matrix ®, a straightforward and intuitive strategy for estimating
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the latent HS signal x from the compressed measurement y is to minimize the reconstruction error via a
data fidelity-driven objective. This heuristic approach can be formulated as the following optimization
problem:

N .1
x:argm1n§||y—d>x||%, (6)
X

where || - |2 stands for the Frobenium norm. This formulation seeks the solution that best explains the
observed measurement in the least-squares sense. It is well recognized that the HS image reconstruction
problem from compressive measurements is severely ill-posed, as the number of unknown variables
in the latent signal x far exceeds the number of observations in y. This imbalance results in an
underdetermined linear system, making the accurate and robust recovery of the HS image extremely
challenging.

To mitigate this issue, a substantial body of work has focused on incorporating hand-crafted
image priors that capture the intrinsic structure and redundancies within HS data. These priors—such
as sparsity, low-rankness, smoothness, or spectral correlation—serve to constrain the solution space
and guide the reconstruction process toward more plausible results. Accordingly, the inverse problem
is reformulated as a regularized optimization task, expressed as:

. 1
X = arg m1n§||y—<l>x||%+17R(x), )
X

where ||y — ®x||2 is the data fidelity term ensuring consistency with the measurement, R(x) denotes
the regularization function encoding prior knowledge while # is a hyperparameter that balances the
trade-off between measurement fidelity and prior enforcement. Most existing model-based approaches
have focused on designing effective prior models and developing efficient optimization algorithms
to enhance the stability, robustness, and accuracy of HS image reconstruction. In the following, we
introduce several widely adopted and representative model-based reconstruction techniques based on
the adopted priors that have demonstrated promising performance in the context of compressive HS
imaging.

Sparsity-based Prior: Despite the inherently high ambient dimensionality of HS images, their
intrinsic information content can often be effectively captured using only a limited number of active
components when represented in a suitable transform or dictionary domain. This property reflects
the inherent sparsity of HS data, which serves as a powerful prior in addressing the challenges of
reconstruction from compressed measurements. Zhang et al. [46] presents a reconstruction method
tailored for miniature spectrometers, and combine sparse optimization with dictionary learning to
effectively capture and represent the spectral signatures of the scene. By learning an over-complete
dictionary from training data, the method promotes a sparse representation of the hyperspectral signal,
enabling accurate reconstruction from a limited number of measurements. Figueiredo et al. [22] intro-
duce an efficient gradient projection algorithm designed to solve sparse reconstruction problems via
Li-norm minimization. Operating within the compressed sensing framework, the method iteratively
projects the solution onto a set defined by sparsity constraints, thereby efficiently solving the underde-
termined inverse problem. Its generality and computational efficiency have made it a foundational
algorithm, supporting a range of applications including hyperspectral image reconstruction where
robust recovery from compressed measurements is critical. In addition, Wang et al. [19] exploits
the nonlocal self-similarity of hyperspectral images by adaptively learning sparse representations
from similar patches. By integrating nonlocal priors into the sparse reconstruction framework, the
method effectively captures both spatial and spectral correlations, leading to enhanced restoration
quality—especially in preserving fine details and reducing noise. Bioucas-Dias at el. [47] introduced
the two-step iterative shrinkage/thresholding algorithm (TwIST) for solving the optimization task
with multiple nonquadratic convex regularizers including sparsity. TwIST has popularly applied for
the HS image reconstruction as a baseline model-based method.
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Total Variation (T'V)-based Prior: TV-based methods represent a prominent class of model-based
approaches for HS image reconstruction. These methods are grounded in the assumption that natural
images exhibit spatial piecewise smoothness, where intensity variations are often sparse and localized.
In the context of HS images, this property is commonly exploited to preserve salient edges and
suppress noise during the recovery process. A representative implementation is the Generalized
Alternating Projection with TV (GAP-TV) [21], which alternates between enforcing data fidelity
through projection onto the measurement constraint and applying TV denoising. Concretely, the
GAP optimization iterately update the HS estimation by projecting the current estimate onto two
sets: 1) data consistency set for enforcing y ~ ®x and 2) prior constraint set for enforcing the TV
regularization. Moreover, Eason at el. [48] proposed to solve the TV-regularized optimization probelem
for CS inverse task with a continuation method, which involves gradually reducing the regularization
parameter (or using a sequence of progressively “tighter” TV constraints). Such a scheme allows the
optimization to start from an easier (more regularized) problem and slowly transition to the target
problem, thereby improving both convergence speed and reconstruction quality. The method exhibits
robustness to noise and measurement artifacts, making it well-suited for for practical compressive HS
imaging applications.

Low-Rank-based Prior: By representing a HS image as a matrix or a tensor, one leverages the
observation that the data often reside in a subspace of considerably lower dimension than the full
ambient space. In other words, while the ambient space of a HS image with dimensions H x W x A
is very high-dimensional, the intrinsic information contained in the data exhibits strong correlations
among spectral bands (and, often, across spatial locations). Thus, the rank of the matrix represntation
or the multilinear rank of the tensor is typically much lower than the maximum possible rank. Inspired
by the low-rank insight in HS imaging, Liu et al. [18] concentrate on global matrix rank minimization,
employing a nuclear norm surrogate to enforce the low-dimensional structure of the underlying image.
This approach demonstrates that by exploiting this global low-rankness—even when the number
of measurements is significantly limited—it is possible to achieve high-quality reconstructions in
snapshot compressive imaging systems. In contrast, Fu et al. [49] incorporate the low-rank property
at a more localized level, taking advantage of the fact that HS images exhibit strong correlations
not only across spectral bands but also among spatially similar regions. This dual exploitation of
spectral and spatial redundancy leads to an enhanced restoration performance by better preserving
fine details and reducing artifacts. Furthemore, Zhang et al. [50] extend the concept by treating HS
data as a multidimensional tensor and applying dimension-discriminative low-rank tensor recovery.
By directly modeling the inherent multi-way structure of HS images, the method retains the intrinsic
spectral and spatial correlations that are often lost in vectorized formulations, culminating in superior
reconstruction quality and robustness.

Nonlocal-Self Similarity-based prior: Nonlocal self-similarity (NSS) describes the intrinsic
property of natural images wherein small, localized regions—referred to as patches or blocks—exhibit
substantial resemblance to other spatially distant patches within the same image. This phenomenon is
particularly pronounced in HS images, which, due to their high spectral resolution and inherent spatial
redundancy, often contain repetitive spatial structures such as textures, edges, and homogeneous
regions across different locations. By leveraging the NSS property, it becomes possible to more
effectively constrain the ill-posed inverse problem of HS image reconstruction. This is achieved by
enforcing that groups of nonlocally similar patches maintain a coherent, typically low-dimensional,
structural representation. He et al.[20] exemplify the application of this concept by proposing an
iterative framework that integrates nonlocal spatial denoising—guided by NSS priors—with a global
low-rank spectral subspace model. While the primary objective of their work is HS image restoration
(specifically denoising and inpainting), the underlying methodology grounded in NSS can be naturally
extended to the context of compressive spectral snapshot reconstruction. Moreover, the NSS prior is
conceptually aligned with low-rank modeling approaches, as both capitalize on structural redundancy.
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The integration of NSS-based regularization within HS reconstruction frameworks is further explored
and validated in works such as [49,50].

Table 2 provides a comprehensive comparison of four representative categories of model-based HS
image reconstruction methods. While these approaches effectively integrate knowledge of the physical
image degradation process—leading to enhanced interpretability and well-defined mathematical
formulations—they often face inherent limitations in representational capacity. This shortcoming
primarily arises from the difficulty in designing hand-crafted priors that are both expressive and
sufficiently generalizable across diverse scenes and imaging conditions. As a result, the performance
of model-based methods may degrade when confronted with complex or nonstationary structures that
deviate from the assumed prior assumptions.
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Table 2. Summary of model-based HS image reconstruction methods in spectral compressive sensing.
Prior Type Underlying Principle Advantages Limitations/Challenges Representative
Works/References
Sparsity-based Assumes that the HS data (or its trans- Figueiredo et al.
form coefficients) have a sparse repre- | ¢  Efficient recovery leveraging CS | *  Performance depends on the cho- | (GPSR) [22];  Bioucas-
sentation. theory. sen transform /dictionary. Dias at el. (TwIST) [47].
e Convex formulations (via ¢;-| ®  Doesnot fully exploit inherent spa-
norm) with established theoretical tial correlations.
guarantees. *  Sensitive to noise and model mis-
matches.
TV-based Utilizes total variation regularization Yuan at el. (GAP-TV) [21]

to enforce local smoothness while pre-
serving sharp edges by penalizing the
image gradient.

¢  Effective at denoising while main-
taining significant edges.

e  Computationally manageable via
proximal methods.

* May lead to staircase artifacts or
over-smoothing in textured areas.

e Does not explicitly capture nonlo-
cal repetitive structures.

Low-Rank-based

Exploits the observation that HS images
lie in a low-dimensional spectral sub-
space due to the high correlation among
spectral bands.

e  Captures global spectral correla-
tions effectively.

*  Reduces noise and computational
dimensionality.

e Involves computationally expen-
sive operations (e.g., repeated
SVD, tensor decompositions).

*  May oversmooth local details if ap-
plied globally.

Zhang et al. (Low-Rank
Matrix Recovery) [50]

NSS-based

Leverages the phenomenon that similar
image patches appear at different, non-
adjacent locations within the image to
enforce a low-rank structure on groups
of similar patches.

*  Preserves fine structural details
and textures by utilizing repetitive
patterns across the image.

¢ Enhances noise suppression by en-
forcing consistency across nonlo-
cal patches.

e Introduces increased computa-
tional complexity due to patch
matching and grouping.

*  Performance is sensitive to param-
eters (e.g., patch size, similarity
thresholds).

He et al. (Non-local meets
global) [20]
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3.2. Deep Learning-Based Reconstruction Methods

Motivated by the significant breakthroughs achieved by deep learning in various computer vision
tasks, researchers have increasingly turned to data-driven approaches for HS image reconstruction.
Among these, convolutional neural networks (CNNs) [24,25,51? ] and, more recently, transformer-
based architectures[28,39,40] have emerged as dominant frameworks due to their superior capacity to
model complex spatial-spectral dependencies. These methods depart from traditional model-based
paradigms by employing end-to-end (E2E) learning schemes, wherein a neural network is trained to
directly learn a non-linear mapping from the compressed spectral measurements to the corresponding
high-dimensional HS image [24,25,29,39,51].

This deep learning strategy eliminates the need for explicit prior modeling and physical forward
operators, instead relying on large amounts of measurement/gtarget pairs to implicitly learn underly-
ing structures. Specifically, given a set of N training samples consisting of snapshot measurements and
their corresponding HS targets, denoted as (y,, x,) forn =1,2,..., N, end-to-end (E2E) methods aim
to learn a mapping function parameterized by 0 that models the relationship between the snapshot
inputs and the HS targets. This is achieved by minimizing a predefined loss function that quantifies
the discrepancy between the reconstructed outputs and the ground-truth targets. When the loss is
defined by the mean squared error (MSE), the optimization problem is given by:

N
0 = arg min Z l|xn — FNN(yn/G)H%' (8)
0 n=1

where Fyn(yn, 0) denotes the output of the neural network parameterized by 0, taking the snapshot
measurement y, as input and producing the corresponding HS reconstruction. Notably, conventional
E2E learning methods [23-25,27,29,40,51-53] do not require prior knowledge of the sensing mask, as
the reconstruction model implicitly learns the inverse mapping from the measurement space to the HS
domain directly from data. Recently, several studies [28,39,54,55] have proposed incorporating the
sensing mask into the network architecture to improve reconstruction performance. This paradigm
has been explored in both Coded Aperture Snapshot Spectral Imaging (CASSI) systems [28,39] and
Filter-Pixel-Focal-Array (FPFA) based sensors [54,55], where the integration of sensing priors into the
learning process has demonstrated notable performance gains. In addition to the learning paradigm,
the design of network architectures within E2E methods has been a critical factor influencing the
performance of HS image reconstruction. The architecture directly determines the model’s capacity to
capture and exploit the complex spatial-spectral correlations inherent in hyperspectral data. To this
end, recent research efforts have focused on developing more effective and computationally efficient
neural network architectures tailored for HS image reconstruction. These advancements have evolved
progressively from CNNs[23-25], which are adept at capturing local spatial features to Transformer [28,
39,40], which leverage self-attention mechanisms to model long-range dependencies across spatial
and spectral dimensions, and multi-layer perceptron (MLP)-based models[55], which offer enhanced
modeling flexibility and global feature extraction through linear projections. Subsequently, we present
the representative architecture design in the E2E learning methods.

CNN-base architecture: CNNs have been widely adopted in early E2E HS image reconstruction
methods due to their strong ability to capture local spatial structures and spectral correlations. These
architectures typically consist of stacked convolutional layers that progressively extract hierarchical
features from the input measurements. The use of small receptive fields enables the model to focus on
fine-grained spatial patterns, while deeper layers can aggregate contextual information to improve
reconstruction quality. For example, Hu et al. [24] investigate a high-resolution dual-domain learning
strategy by utilizing a CNN architecture that jointly operates in both the spatial and spectral domains.
Through dedicated convolutional blocks and multi-scale feature extraction, HDNet [24] effectively
preserves spatial details while maintaining spectral fidelity. This dual-domain approach mitigates
the common trade-off between resolution and spectral accuracy encountered in compressive spectral
imaging. Miao et al. [25] propose a dual-stage generative model designed for efficient and high-quality
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HS image reconstruction, dubbed as A-net. A-net firstly employs a self-attention generator with a
hierarchical channel reconstruction (HCR) strategy to generates an initial reconstruction of the HS
imagel from the 2D snapshot measurement, and then a refinement stage composed of a small U-net
and residual learning is developed to boost up the quality of reconstructed images from the first
stage. Wang et al. [26] focuse on the incorporation of a learned deep spatial-spectral prior into the
reconstruction process. The designed CNN architecture is purposefully designed to capture both local
spatial context and long-range spectral dependencies. By integrating spatial and spectral cues into the
feature extraction process, the network can resolve complex variations in hyperspectral data, leading
to more faithful reconstructions. Meng et al. [23] embed spatial-spectral self-attention mechanisms
into the CNN framework to explore feature dependencies more effectively. The self-attention modules
enable the network to dynamically focus on the most informative spatial and spectral features, thereby
enhancing the reconstruction accuracy. Moreover, the design prioritizes computational and hardware
efficiency, making it particularly attractive for low-cost, end-to-end compressive spectral imaging
systems. Moreover, Zhang et al. [27] emphasize both reconstruction quality and interpretability by
integrating an optimal sampling strategy into its end-to-end learning process, thereby directly aligning
the data acquisition with the reconstruction paradigm, while Cai et al. [56] introduce a binarization
strategy into the CNN-based architecture. By employing binary weights and activations, the method
achieves substantial reductions in memory usage and inference time, which is crucial for real-time
or resource-constrained applications. More recently, Han et al. [29] employ Neural Architecture
Search (NAS) to automatically discover optimal architectural configurations composed of diverse
convolutional variants. The resulting architecture demonstrates both high efficiency and strong
reconstruction performance, thereby validating the effectiveness of NAS in identifying specialized
network structures tailored for HS image reconstruction.

Each aformentioned method leverages CNN-based architectures but distinguishes itself through
unique design choices—ranging from optimization unrolling and dual-domain processing to archi-
tecture search and efficient quantization—to address specific aspects of the reconstruction problem.
Despite their effectiveness, CNNs are inherently limited in capturing long-range dependencies due to
the locality of convolutional operations, which has motivated the exploration of alternative architec-
tures such as MLPs and Transformers in recent studies.

Transformer-base architecture: Transformer-based architectures have recently emerged as a
powerful alternative to convolutional-based models in the E2E learning paradigm for HS image
reconstruction. Originally developed for natural language processing and later adapted for vision
tasks, Transformers are particularly well-suited for modeling long-range dependencies across both
spatial and spectral dimensions—a crucial aspect in HS imaging, where complex correlations often exist
over distant regions in both domains. In the context of spectral snapshot measurements, Transformer-
based models typically begin by exploring self-attention in window-based spatial and spectral domain
to reduce computatioal complexity, enabling the network to adaptively weigh the relevance of different
spatial-spectral features [28,39,40,54,57-59]. Cai et al. [39] initially intruduce a Transformer to HS
image reconstruction with the main innovations: Spectral-wise Multi-Head Self-Attention (S-MSA)
and Mask-Guided Mechanism (MM), dubbed as mask-guided spectral-wise transformer (MST). The
overall architecture follows popular encoder—decoder designs (U-Net) to progressively extracts and
fuses hierarchical features while keeping computational costs low. The encoder-decoder arrangement
facilitates both local (via convolutions prior to attention) and global (via S-MSA) feature extraction.
MST model achieves state-of-the-art reconstruction quality with lower memory and computational
overhead by tailoring the attention mechanism to the spectral dimension and by incorporating prior
physical knowledge (i.e. the mask). Takabe et al. [28] propose a versatile HS reconstruction framework
that integrates a U-Net backbone with a spectral attention-based Transformer module. To enhance
the model’s generalization capability across different measurement conditions, the training process
incorporates a diverse set of sensing masks, enabling robust reconstruction performance under varying
mask configurations. Cai et al. [40] introduce a coarse-to-fine sparse Transformer (CST) that leverages
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a multi-stage refinement strategy by integrating sparse attention mechanisms with hierarchical feature
processing. This design effectively balances the modeling of global contextual information—critical for
maintaining spectral fidelity—with the refinement of local spatial details, thereby achieving impressive
HS image reconstruction. More recently, Wang et al. [58] investigate a Spatial-Spectral Transformer
(denoted as S*-Tran) by using two interconnected streams with sptial and sepctral self-attention
modeling, repectively. Furthemore, inspired the spatial nonuniform degradation (sensing mask),
the S?-Tran directly integrate the mask information into both the network’s attention mechanism
and its loss function to disentangle the entangled measurement caused by spatial shifting and mask
coding. Luo et al. [59] propose a dual-window multiscale transformer (DWMT) to capture both
fine local details and broad contextual information by employing dual-window processing. Since
DWMT realize the attention mechanism separately within each window, reducing the computational
burden compared to a global self-attention while still providing a sufficient receptive field to capture
the complex spatial-spectral relationships. In addition, Yao et al. [54] propose a spatial-spectral
cumulative-attention Transformer (SPECAT) for high-resolution HS image reconstruction in FPFA
sensor. The model leverages a dual-branch architecture to independently capture spatial and spectral
dependencies through cumulative attention modules, enabling effective cross-dimensional feature
fusion. By progressively integrating multi-scale context, SPECAT attains superior reconstruction
quality while ensuring computational efficiency.

Overall, Transformer-based architectures have demonstrated state-of-the-art performance in HS
image reconstruction, offering a powerful framework for extracting complex spatial-spectral features,
particularly under compressed sensing scenarios such as snapshot spectral imaging.

MLP-base architecture: Although recent Transformer-based architectures have significantly
advanced the efficiency of HS image reconstruction, their computational demands remain a critical
bottleneck, particularly for deployment on real-world imaging systems with constrained resources.
In response, emerging research has explored the substitution of the self-attention mechanism in
Transformers with multi-layer perceptron (MLP)-like operations as a promising alternative [62—-65].
These MLP-based architectures are adept at capturing non-local correlations and modeling long-range
dependencies, offering competitive performance in various computer vision tasks while markedly
reducing memory consumption and computational complexity. For instance, Cai et al. [60] construct a
teacher-student network configured with Spectral-Spatial MLP (SSMLP) block for strategically fusing
information from conventional RGB imaging and CASSI. This MLP-based model is designed to learn a
robust mapping from the jointly encoded RGB-CASSI measurements to the corresponding HS images,
and thus not only compensates for the reduced spectral resolution inherent to the CASSI data but also
leverages the rich spatial details from the RGB inputs, thereby enhancing the overall reconstruction
fidelity. Han et al. [55] employ cycle Fully-connected layers (CycleFC) to realize the spatial/spectral
MLP-based model (52MLP) for HS image reconstruction in the FPFA sensor, and further embed the
mask information into the S2MLP learning branch to mitigate information entangling. Moreover, Cai
et al. [61] extend the MLP paradigm by exploiting an adaptive mask strategy within a dual-camera
snapshot framework, named as MLP-AMDC model. In this design, the dual-camera setup enables the
simultaneous capture of complementary information streams, while the adaptive mask dynamically
modulates the measurement process to optimize the acquisition of spectral data. The MLP-AMDC
incorporates these adaptive measurements directly into its learning pipeline, using fully connected
layers to integrate information from both cameras. With the explicit cues regarding the spatial and
spectral encoding imposed during data collection, a more accurate and robust recovery of HS images
has been achieved from highly compressed snapshot measurements.

Overall, MLP-based architectures often achieve performance comparable to Transformer-based
methods while being significantly more lightweight, positioning them as an attractive choice for
deployment in real-world HS imaging systems.

Table 3 provides a comprehensive comparison of the representative CNN-, Transformer-, and MLP-
based categories of the E2E learning methods for HS image reconstruction. Each category is analyzed in
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terms of its core architectural components, representative models, and design characteristics relevant
to HS image reconstruction. The comparison highlights the trade-offs among these approaches,
particularly in their ability to capture spatial-spectral correlations, handle global dependencies, and
balance reconstruction accuracy with computational efficiency. This classification serves to guide
future research directions and practical implementation choices in developing robust and efficient
reconstruction networks tailored for snapshot compressive imaging systems. Despite the notable
advancements, these brute-force E2E learning approaches face inherent limitations: (1) they fail to
exploit the underlying physical degradation models associated with the imaging process, and (2) they
often suffer from limited interpretability, making it challenging to analyze or justify the reconstruction
outcomes from a principled perspective.
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Table 3. Summary of E2E learning methods for HS image reconstruction in spectral snapshot imaging systems.

Architecture Type

Representative Models/Examples

Key Architectural Components

Design Considerations & Strengths

CNN-based

TSA-Net [23], A-Net [25], HD-
Net [24], NAS [29]

¢  Convolutional layers with local receptive fields

¢ Encoder—decoder (U-shaped) structures

e  Residual/skip connections and iterative refine-
ment modules

e  Simple mask incorporation (e.g., element-wise op-
erations)

e  Efficient in extracting local spatial-spectral fea-
tures
Lower computational and memory costs
Well established for image restoration tasks,
though limited in modeling global dependencies

Transformer-based

MST [39], CST [40], S2-Tran [58],
DWMT [59], SPECAT [54]

*  Self-attention mechanisms (e.g., spectral-wise
multi-head self-attention)

¢ Dual-window / multiscale attention schemes

*  Mask-guided modules for high-fidelity region pri-
oritization

¢  Integration of residual connections to aid optimiza-
tion

®  Excellent at capturing global context and long-
range dependencies

*  Can explicitly incorporate physical priors (mask
information) into attention

*  Generally higher computational and memory re-
quirements compared to CNNs

MLP-based

MG-S2MLP [55], SSMLP [60], MLD-
AMDC [61]

¢  MLP-based token mixing for spatial and spectral
dimensions

*  Cycle Fully-Connected layers (CycleFC) for effi-
cient spatial interaction

¢ Multi-level information fusion and deep supervi-
sion modules

¢ Lightweight mask-guidance integration via MLP
blocks

¢ Lower computational overhead (linear complex-
ity) vs. attention-based methods

e  Effective global dependency modeling without
quadratic cost

e  Simpler architectures while capturing essential
spatial-spectral interactions
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3.3. Deep Unfolding Model (DUM)

To harness the complementary strengths of model-based and deep learning-based approaches,
model-guided learning frameworks have garnered considerable attention in the field of HS image re-
construction [30,41,42]. Early efforts in this direction focused on plug-and-play (PnP) algorithms [41,42],
which integrate pre-trained deep denoisers as implicit priors within an iterative optimization frame-
work. In this setup, the denoiser functions as a regularization component that steers the reconstruction
process toward plausible solutions. However, the use of fixed pre-trained denoisers in PnP frameworks
often limits adaptability to the specific characteristics of HSI data, resulting in suboptimal recon-
structions and slower convergence. To address these limitations, recent work has shifted toward the
deep unfolding (or unrolling) paradigm [32,33,43-45,66], wherein the iterative steps of a model-based
optimization algorithm are reformulated as a trainable deep neural network. This approach enables
end-to-end learning of both the data fidelity and prior components, while explicitly incorporating
known degradation models.

To revisit the optimization formulation presented in Eq.7, we introduce an auxiliary variable z to
facilitate the use of the half quadratic splitting (HQS) technique. This method reformulates Eq.7 into
the following unconstrained minimization problem:

o A 1
(% 2) = arg min o |y — @x|3 + yR(z) + & |x — 2]}, ©)
X,Z

where y is a penalty parameter that enforces consistency between the variables x and z. By decoupling
the variables x and z, Eq. 9 can be efficiently solved via alternating minimization over two subproblems:

k+1

X1 = arg min |y — @x3 + px — "3,
X

(10)
s

= arg min%”z — X3 4+ 4R (z).
z

These two subproblems are solved iteratively until convergence. The first subproblem in Eq. 10, which

enforces the data fidelity constraint, admits a closed-form solution and can be interpreted as an inverse

projection step. This solution is given by:

1
W=y el (@eh) T (y - ) an
The second subproblem in Eq. 10, associated with the regularization term , is typically addressed
using a learned image prior implemented via a deep neural network. The update at the (k+ 1) — th
iteration thus be represented as:

Zk+l _ I]i]#(karl)' (12)

where f’lﬁ;{\]l () denotes a neural network parameterized to capture the structural prior of HS images,

often tailored for denoising or feature enhancement. This learning-based regularization enhances both
the adaptability and performance of the unfolding framework across diverse sensing configurations.
These two subproblems are alternately solved in an iterative, multi-stage manner, where each stage
corresponds to one iteration of the optimization process. This iterative scheme underpins many
model-based deep unfolding networks, where learnable modules are embedded into each iteration to
improve flexibility and reconstruction quality. The overall implementation of the DUM is illustrated in
Figure 2.
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Figure 2. An overall implementation of the deep unfolding model.

The state-of-the-art (S0TA) DUMSs mainly devote to 1) effective and efficient prior learning
network design for spectral-spatial feature synergy and memory-enhanced unfoldinge; 2) adaptive
degradation modeling in the data fedelity term. Prior to 2021, most prior learning networks were
predominantly constructed using CNN architectures [51,53,67]. However, there has since been a
paradigm shift towards Transformer-based models [32,33,43-45,66,68]. In the following, we introduce
several representative deep unrolling models (DUMs) that leverage Transformers as the backbone for
prior learning.

Degradation-Aware Unfolding Half-Shuffle Transformer (DAUHT) [32]: DAUHT explicitly
incorporates degradation modeling into the unfolding process by leveraging a half-shuffle Transformer
module. The model alternates between enforcing data fidelity and applying a learned degradation-
aware prior, thereby capturing both local and non-local spectral-spatial dependencies. The half-shuffle
attention mechanism improves the efficiency of the self-attention computation while mitigating the
influence of hardware-induced degradation artifacts.

Pixel Adaptive Deep Unfolding Transformer (PADUT) [33]: This approach aim s to enhance the
DUM with pixel-adaptive mechanisms within its Transformer modules. By adjusting the reconstruction
parameters on a per-pixel basis, PADUT effectively accounts for spatial variability in HS data. This
adaptive strategy enables the DUM to capture fine-grained local variations while simultaneously
modeling global contextual information, leading to more accurate and robust reconstructions.

Memory-Augmented deep Unfolding Network (MAUN) [43]: MAUN augments the traditional
DUM with an external memory component that stores and refines intermediate features across it-
erations. This memory module promotes the capture of long-range dependencies and historical
reconstruction information, which is particularly beneficial for recovering subtle spectral details. The
MAUN thereby achieves improved convergence and reconstruction quality through efficient reuse of
contextual information.

Residual Degradation Learning Unfolding Framework (RDLUF) [66]: RDLUF integrates resid-
ual learning into the deep unfolding process, directly modeling and compensating for degradation
effects. By employing mixing priors that capture both spectral and spatial characteristics, the frame-
work effectively disentangles the reconstruction problem into manageable subproblems. The residual
learning component helps in iteratively refining the reconstructed signal, while the dual-prior strategy
ensures that both global context and local details are maintained.

Dual Prior Unfolding (DPU) [44]: DPU decomposes the reconstruction process into two inter-
twined subproblems, each governed by distinct priors. One prior typically captures the data fidelity
and degradation characteristics, while the other encodes the intrinsic image structure. The alternating
minimization guided by these dual priors enables the network to robustly recover the high-dimensional
HS image by enforcing consistency in both the measurement and prior domains.

Spectral-Spatial Rectification (SSR) [45]: SSR focuses on rectifying errors that arise in spectral
snapshot compressive imaging by incorporating a spectral-spatial rectification module into the un-
folding iterations. The rectification step functions to correct inconsistencies between the spectral and
spatial domains, ensuring that the final reconstruction preserves both the global spectral signature
and the fine local spatial details. This integrated strategy enhances overall fidelity and mitigates error
accumulation inherent in highly compressed reconstructions.

In summary, these DUMs represent a significant shift toward hybrid models that combine prin-
cipled optimization with learnable components. They address the limitations of purely data-driven
approaches by embedding physical degradation models and adaptive mechanisms into the recon-
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struction process, thereby achieving improved interpretability, convergence speed, and reconstruction
quality in HS imaging applications.

4. Hypespectral Image Datasets

Datasets play a pivotal role in assessing the performance of HS image reconstruction algorithms.
In recent years, several emerging HS datasets have become available, facilitating both the training and
validation of deep learning frameworks. In the following section, we provide an overview of open-
source datasets that have significantly contributed to advancing research in HS image reconstruction.

CAVE Dataset: The CAVE dataset [69] comprises 32 high-quality HS images of various objects
and scenes captured under controlled laboratory conditions. Each image typically has a spatial reso-
lution of 512 x 512 pixels and is acquired over a spectral range spanning approximately, sampled in
400 — 700nm about 31 narrow spectral bands. Owing to its high spectral fidelity and controlled acqui-
sition conditions, the CAVE dataset has become a de facto benchmark for evaluating reconstruction
algorithms under idealized scenarios.

Harvard Dataset: The Harvard dataset [70] comprises approximately 75 high-resolutionHS im-
ages (50 under daylight, 25 under artificial/mixed illumination), and is capturedunder controlled
illumination conditions using a Nuance FX camera with an apo-chromatic lens. With roughly 31 spec-
tral channels spanning the visible range (approximately 420-720 nm), it is widely used for developing
and testing algorithms that require precise spectral fidelity.

The Harvard dataset, frequently referenced in spectral recovery literature, consists of a relatively
small set of hyperspectral images captured in a well-calibrated environment. Characterized by high
spatial and spectral resolution, the images in this dataset are obtained under controlled illumination,
covering a similar visible spectral range with narrow band spacing. The dataset’s uniformity and
precision make it particularly useful for assessing the performance of reconstruction methods in terms
of spectral accuracy and fine detail recovery.

ICVL Dataset: Developed by research groups at institutions such as Imperial College London,
the ICVL dataset [71] offers an extensive collection of HS images that capture natural scenes in both
indoor and outdoor environments. Typically containing 201 images, each sample in the ICVL dataset is
acquired across the visible spectrum (often with 31 to 33 bands) and exhibits a higher level of diversity
in scene content. This large-scale dataset serves as an excellent resource for benchmarking RGB to
hyperspectral reconstruction methods, as it challenges algorithms with variations in illumination,
texture, and natural content.

KAIST Dataset: The KAIST dataset [72] includes around 30 HS images acquired from real-world
outdoor environments. Typically, these images have a resolution of approximately 2704 x 3376 pixels
and feature about 28 spectral channels. Its realistic acquisition conditions highlight the challenges
encountered in practical imaging scenarios, such as noise and illumination variability.

Table 4 summarizes four widely adopted HSI datasets in the community, each characterized by
small to medium sizes. These datasets vary in key attributes such as data volume, spatial resolution,
number of spectral channels, and scene diversity. As HS imaging technology continues to evolve, the
availability of larger and more diverse datasets is anticipated, thereby further propelling the research

in this field.
Table 4. Summary of Benchmark HS Image Datasets
Dataset # of Images Spatial Resolution Spectral Channels Acquisition Conditions
CAVE 32 512 x 512 ~31 (400-700 nm)  Controlled laboratory environment
Harvard ~50 High resolution (varies) = ~31 (420-720 nm) Uniform, controlled illumination
ICVL 201 ~1392 x 1040 31 (approx.) Natural scenes with diverse content

KAIST ~30 (approx.) 2704 x 3376 (approx.) 28 (approx.) Outdoor /real-world settings



https://doi.org/10.20944/preprints202504.1796.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 22 April 2025 d0i:10.20944/preprints202504.1796.v1

18 of 25

5. Result Comparison and Analysis

Recent SoTA studies frequently adopt the extended CAVE dataset for model training, owing
to its moderate spatial resolution and diverse scene content, which collectively facilitate efficient
learning and robust generalization. For performance evaluation, it is common practice to utilize a
representative subset comprising 10 cropped HS scenes from the KAIST dataset, as demonstrated in
several recent studies [23,24,32,33,39,66]. The simulation spectral snapshot imaging is widely set as
the measurement process in the CASSI. To quantitatively assess reconstruction quality, two widely
employed evaluation metrics are the Peak Signal-to-Noise Ratio (PSNR), which measures pixel-wise
fidelity, and the Structural Similarity Index (SSIM), which captures perceived structural consistency
between the reconstructed and ground-truth images.

We conducte a thorough comparative analysis of between different types of SoTA HS image
reconstruction methods. In the CASSI setting, the SoTA techniques included three model-based
approaches: TWIST [47], GAP-TV [21] and DeSCI [18], 7 E2E methods: A-Net [25], DSSP [26], TSA-
Net [23], HDNet [24], MST [39], CST [40] and DWMT [59], and 10 DUMs: DGSMP [31], GAP-Net [53],
ADMM-Net [51], DAUHST [32], PADUT [33], MAUN [43], RDLUEF-L [66], DPU [44] and SSR [45].
All methods were trained using identical training datasets and hyperparameter settings to ensure a
fair comparison, and performance was evaluated under the same experimental conditions. Quanti-
tative results were computed using two standard image quality metrics, PSNR and SSIM, across 10
simulated hyperspectral scenes. The comparative results are summarized in Table 5(a). As shown
in Table 5(a), the E2E learning-based methods consistently outperform conventional model-based
approaches, demonstrating the effectiveness of data-driven frameworks in complex reconstruction
tasks. Notably, Transformer-based E2E models—such as MST [39], CST [40], and DWMT [59]—exhibit
superior performance over CNN-based alternatives including A-Net [25], DSSP [26], TSA-Net [23],
and HDNet [24]. Moreover, DUMs that incorporate Transformer-based prior learning further enhance
reconstruction accuracy by effectively leveraging both model-based interpretability and deep feature
learning. Figure 3 illuatrates the visualization comparison of 12 HS reconstruction mehods by evalu-
ating three out of the 28 spectral channels from Scene 3 including the reconstructed images and the
differences with the cprresponding ground-truth.

A-Net TSA-Net DGSMP __ GAP-Net _ADMM-Net _HDNet MST-L CST-L _ _DAUHST-L__PADUT-L __MAUN-L DPU

476.5nm ...

544.0nm --..--...-.
. ; ’ 4

636.5nm ...........

Figure 3. Visual quality comparison of Scene 3 (out of 28) spectral channels and the difference images between the
Grund-truth and reconstruction with 12 SOTA methods.
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Table 5. Comparisons with the SOTA methods on 10 simulation scenes.

(a) For the captured measurements in CASSI setting.
Methods Params GFLOPs| sl s2 s3 s4 s5 s6 s7 s8 s9 s10 Avg
25.16 23.02 21.40 30.19 2141 2095 2220 21.82 2242 22,67 | 23.12

TWIST [47] ) ) 0.700 0.604 0.711 0.851 0.635 0.644 0.643 0.650 0.690 0.569 | 0.669
GAP-TV [21] ) ) 2682 2289 2631 3065 23.64 2185 2376 2198 22,63 23.1 | 24.36

0.754 0.610 0.802 0.852 0.703 0.663 0.688 0.655 0.682 0.584 | 0.669
DeSCI [18] ) ) 2713 23.04 26.62 3496 2394 2238 2445 2203 2456 2359 | 2527

0748 0.620 0.818 0.897 0.706 0.683 0.743 0.673 0.732 0.587 | 0.721
30.10 2849 2773 37.01 2619 28.64 2647 26.09 2750 27.13 | 28.53
0.849 0.805 0.870 0.934 0.817 0.853 0.806 0.831 0.826 0.816 | 0.841
3148 31.09 2896 3556 2853 30.83 2871 30.09 3043 28.78 | 30.35
0.856 0.842 0.823 0.902 0.808 0.877 0.824 0.881 0.868 0.842 | 0.852
3203 31.00 3225 39.19 2939 3144 3032 29.35 30.01 29.59 | 3146
0.892 0.858 0.915 0.953 0.884 0.908 0.878 0.888 0.890 0.874 | 0.894
3514 35.67 36.03 42.30 32.69 3446 33.67 3248 34.89 3238 | 3497
0.935 0.940 0.943 0.969 0946 0.952 0.926 0941 0.942 0.937 | 0.943
3540 35.87 36.51 4227 3277 3480 33.66 32.67 3539 3250 | 35.18
0941 0944 0953 0973 0.947 0.955 0925 0948 0.949 0.941 | 0.948
3596 36.84 38.16 4244 3325 3572 3486 34.34 3651 33.09 | 36.12
0.949 0.955 0.962 0.975 0.955 0.963 0.944 0961 0.957 0.945 | 0.957
36.46 3775 3847 4423 3399 36.17 3522 3456 3741 34.99 | 36.82
0.957 0.963 0.965 0.984 0.963 0.970 0.949 0.968 0.965 0.959 | 0.964
3326 3209 33.06 4054 2886 33.08 30.74 3155 31.66 31.44 | 32.63
0915 0.898 0.925 0.964 0.882 0.937 0.886 0.923 0.911 0.925 | 0.917
33.74 3326 3428 41.03 3144 3240 3227 3046 3351 30.24 | 33.26
0.911 0.900 0.929 0.967 0919 0.925 0.902 0.905 0.915 0.895 | 0.917
3412 33.62 35.04 41.15 31.82 3254 3242 3074 3375 30.68 | 33.58
0.918 0.902 0.931 0.966 0.922 0.924 0.896 0.907 0.915 0.895 | 0.918
3725 39.02 4105 4615 3580 37.08 3757 3510 40.02 3459 | 38.36
0.958 0.967 0.971 0.983 0.969 0.970 0.963 0.966 0.970 0.956 | 0.967
3736 4043 4238 46.62 3626 3727 37.83 3533 40.86 34.55 | 38.89
0.962 0978 0.979 0.990 0974 0974 0966 0974 0.978 0.963 | 0.974
3778 4053 4188 4685 36.74 37.78 37.44 36.05 4054 3490 | 39.05
0.963 0976 0.973 0.986 0.973 0.974 0961 0.971 0.973 0.962 | 0.971
3794 4095 4325 4783 3711 3747 3858 3550 4183 3523 | 39.57
0.966 0.977 0.979 0.990 0976 0.975 0.969 0970 0.978 0.962 | 0.974
38.79 4178 43.80 47.69 3796 3848 39.00 36.81 4265 36.28 | 40.33
0.971 0983 0.983 0.993 0.981 0.981 0.973 0979 0.984 0.974 | 0.980
38.95 41.83 44.16 48.09 3853 3840 39.03 38.88 4288 36.00 | 40.47
0.973 0984 0.983 0.994 0.983 0.981 0.974 0.980 0.985 0.973 | 0.981
(b) For the captured measurements in FPFA setting.
Methods Params GFLOPs| sl s2 s3 s4 s5 s6 s7 s8 s9 s10 Avg

A 39.47 4226 4139 4508 39.15 39.86 3897 37.05 4093 37.05 | 40.12
MG-S2MLP [59] 0.31 152 0982 0.989 0982 0990 0.988 0988 0.976 0980 0.987 0.988 | 0.985
4024 4240 4143 4490 39.62 3990 3941 3749 4045 37.90 | 40.39
0982 0986 0978 0982 0987 0984 0977 0977 0.982 0.983 | 0.986

A-Net [25] 62.64M  117.98

DSSP [26] 33.85M  64.42

TSA-Net [23] | 44.25M 110.06

HDNet [24] 237M  154.76

MST-L [39] 2.03M 2815

CST-L [40] 3.00M  40.01

DWMT [59] 14.48M 46.71

DGSMP [31] 3.76M  84.77

GAP-Net [53] | 427M 7858

ADMM-Net [51]4.27M  78.58

DAUHST-L [32] 6.15M  79.50

PADUT-L [33]| 5.38M  90.46

MAUN-L [43] | 3.77M  143.83

RDLUF [66] 1.81IM  115.16

DPU [44] 2.85M 4926

SSR [45] 518M 7893

SPECAT [54] 0.29 12.4

In 2023, the FPFA sensor [17] has been introduced, and consequently, only a limited number of
studies—such as MG-S2MLP [55] and SPECAT [54]—have investigated HS image reconstruction from
snapshot measurements acquired using the FPFA setting. Both MG-52MLP and SPECAT adopt an
E2E learning paradigm, which enables the development of reconstruction models with significantly
reduced parameter sizes and lower computational overhead. Table 5(b) presents the comparative
results across ten simulated scenes. Owing to the effective encoding mechanism employed by the 3D
sensing mask, these E2E-based methods attain PSNR values comparable to those of the best-performing
DUM-based method, SSR [45], while achieving notably higher SSIM scores—despite their substantially
lower computational demands.

To examine the differences in reconstruction performance between the CASSI and FPFA sensing
configurations, we compute the PSNR for each spectral band of the HS images reconstructed using the
SSR and MG-52MLP methods. Figure 4 presents the average spectral-wise PSNR values obtained across
10 simulated scenes, as well as the individual results for Scene 1 and Scene 2. As shown in Figure 4,
the spectral-wise PSNR distributions reveal distinct reconstruction characteristics for the HS images
obtained using SSR under the CASSI setting and MG-S2MLP under the FPFA setting. Specifically,
the SSR method applied to CASSI measurements tends to yield higher PSNR values at the spectral
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extremes (i.e., the shorter and longer wavelengths), while the performance deteriorates in the middle
spectral bands. In contrast, MG-S2MLP under the FPFA configuration demonstrates significantly
higher PSNR values in the central spectral bands, with much lower performance at the spectral
boundaries. Furthermore, the PSNR values obtained from MG-52MLP reveal substantially greater
variability across spectral bands compared to those from SSR, indicating a less uniform reconstruction
performance. These observations underscore that the characteristics of the reconstructed HS images are
intrinsically linked to the underlying measurement configurations. By systematically analyzing these
spectral-wise reconstruction patterns, valuable insights can be gained into the nature and distribution
of information captured during the measurement process, thereby informing the design of more
effective and tailored imaging systems. In addition, the spectral-wise PSNR analysis offers guidance
for enhancing reconstruction algorithms, enabling adaptive calibration strategies that account for
band-specific reconstruction quality.

45 —e—SSR—e—MG-S2MLP ——SSR ——MG-S2MLP a7 —e—SSR —e—MG-S2MLP
43 45
" 41 43
0
wn 0
Z ., D39 3"
T3 = z,
= 039
& 7 (237 =
“153 5nm 476.5nm 504.0nm 536.5nm 575.5nm 625.0nm 5;53 Snm 476.5nm 504.0nm 536.5nm 575.5nm 625.0nm : :133 5nm 476.5nm 504.0nm 536.5nm 575.5nm 625.0nm
Wavelength Wavelength Wavelength
(a) the average PSNR (b) Scene 1 (c) Scene 2
Figure 4. The spectral-wise PSNR distributions of the HS images reconstructed using the SSR and MG-52MLP
methods

6. Challenges and Trends

Previously, we presented different categories of state-of-the-art (SoTA) hyperspectral image (HSI)
reconstruction methods and compared their quantitative performance in terms of PSNR and SSIM. In
summary, traditional model-based methods rely on handcrafted priors and optimization algorithms
rooted in signal processing theory. These approaches typically offer high interpretability but often
suffer from limited reconstruction performance. In contrast, End-to-End (E2E) deep learning methods
focus on designing effective and efficient network architectures for modeling high-dimensional spatial
and spectral correlations. These methods, particularly those based on Transformer architectures,
generally outperform model-based approaches by a significant margin. Meanwhile, deep unfolding
models integrate the advantages of both model-based and E2E methods, achieving further performance
improvements by combining interpretability with data-driven learning. Despite the remarkable
progress made by advanced reconstruction methods, many challenges remain for future development
in this field. In the following, we discuss the existing challenges faced by current SoTA HS image
reconstruction methods, along with potential solution trends aimed at addressing these limitations.

Spectral distortion: One of the key challenges inHS image reconstruction is spectral distortion,
which refers to inaccuracies or artifacts introduced in the reconstructed spectral signatures of pixels. In
HS data, each pixel contains a rich spectral profile that reflects the material composition of the scene.
Preserving this spectral fidelity is crucial for downstream applications such as classification, target
detection, and material identification. The SoTA HS reconstruction methods maily focus on designing
effective network architectures to implicitly model spatial and spectral information. However, they
often make limited explicit effort to preserve spectral fidelity. This can lead to several issues: 1) Altered
or smoothed spectral curves, misrepresenting the true material signatures; 2) Reduced classification
or detection performance, even if spatial metrics (e.g., PSNR, SSIM) are high; 3) Poor generalization,
especially in real-world datasets with complex spectral variability.

For example, the SoTA learning-based methods generally concentrate more on minimizing
pixel-wise loss functions without explicitly enforcing spectral integrity, and then the spectra-wise


https://doi.org/10.20944/preprints202504.1796.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 22 April 2025 d0i:10.20944/preprints202504.1796.v1

21 0of 25

evalation metric may largly vary across different band illustrated in Figure 4, indicating lower spectral
fidelity. To mitigate spectral distortion and enhance the fidelity of reconstructed HS data, future
research is expected to advance in the following directions: 1) Spectral-Aware Loss Functions such as
incorporating such as spectral angle mapper (SAM), correlation-based losses, or perceptual spectral
loss; 2) Spectral Attention and Context Modeling to dynamically focus on informative spectral bands
and model inter-band dependencies; 3) Physics-Informed and Domain-Prior Integration to guide the
learning process toward physically plausible reconstructions; 4) Adaptive and Band-Wise Modeling to
handle spectral variations.

Computational efficiency: HS images contain dozens to hundreds of spectral bands per pixel,
leading to significant memory consumption and computational load during the reconstruction process.
Despite recent advancements, computational efficiency remains a major challenge. SoTA learning-
based methods often rely on complex network architectures—such as deep CNNs or Transform-
ers—that demand substantial computational resources, including high-end GPUs and long processing
times. This challenge becomes even more critical when reconstruction algorithms are required to be
deployed directly on resource-constrained imaging sensors, making the development of real-time
and lightweight techniques increasingly important. These limitations manifest in several ways: 1)
Limited real-time applicability in time-sensitive or on-board scenarios; 2) High training and inference
costs, hindering scalability and deployment in low-resource environments; 3) Memory bottlenecks,
particularly when processing large-scale or high-resolution scenes.

To enable practical and scalable deployment of HS image reconstruction methods, especially
in real-time and resource-constrained scenarios, future research is expected to focus on several key
trends: 1) Lightweight and Efficient Network Design, to reduce model complexity while maintaining
reconstruction quality; 2) Spectral-Spatial decomposition, enabling separate modeling of spectral and
spatial domains to lower computational overhead; 3) Model Compression and Acceleration, through
techniques such as pruning, quantization, and knowledge distillation to create compact, fast models;
4) Neural Architecture Search (NAS), for automatically discovering optimal architectures tailored to
HSI reconstruction tasks; 5) Hardware-Aware Optimization, involving the co-design of algorithms and
hardware (e.g., FPGA or edge Al chips) for efficient real-world deployment.

Generalization capabilty: the generalization problem—the ability of a model trained on specific
datasets or imaging conditions to perform well across diverse scenes, sensors, or environmental
settings, is a fundamental challenge in learning-based methods. Many SoTA learning-based meth-
ods achieve impressive results on curated benchmark datasets. However, their performance often
degrades when applied to: 1) Unseen spectral distributions or different sensor characteristics; 2) Varied
environmental conditions, such as lighting, noise, or atmospheric effects; 3) Complex real-world scenes
with diverse materials and fine-grained textures.

The limited generalizability of current HS image reconstruction methods primarily stems from
overfitting to training data and a lack of robust mechanisms to handle domain shifts. Moreover,
models trained on synthetic or simulation-based data often struggle to capture the complexity and
variability of real-world measurements, further widening the performance gap in practical applications.
Improving generalization is therefore a critical step toward the reliable and scalable deployment of
HSI reconstruction models in real-world scenarios. To enhance the robustness and adaptability of
these models, future research may focus on the following directions: 1) Domain Adaptation and
Generalization, including techniques such as unsupervised domain adaptation or meta-learning to
adapt models to new domains without extensive retraining; 2) Physics-Guided and Model-Based
Hybrid Learning, which incorporates physical priors or signal modeling to provide inductive bias
and improve generalization across datasets; 3) Data Diversity and Augmentation, by building more
comprehensive training datasets that span various scenes, sensors, and acquisition conditions, and
applying advanced spectral-spatial augmentation strategies to simulate real-world variations; 4)
Unsupervised and Self-Supervised Learning, which leverages inherent structures and priors in the
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captured measurements to learn more generalizable representations without relying on extensive
labeled data.

7. Conclusion

In this survey, we have conducted a comprehensive and systematic review of recent advancements
in HS image reconstruction from compressive measurements, particularly focusing on snapshot-based
spectral compressive imaging systems. The reconstruction problem is fundamentally rooted in the
mathematical modeling of the compressive sensing process, which establishes a relationship between
the observed low-dimensional snapshot measurement and the high-dimensional latent HS. This for-
mulation serves as the theoretical foundation for the design and development of diverse reconstruction
algorithms. We categorize existing reconstruction methods into three main paradigms: model-based
approaches, which rely on handcrafted priors and iterative optimization; end-to-end deep learning-
based methods, which directly learn the mapping from measurements to reconstructed HS images;
and deep unfolding-based approaches, which integrate the interpretability of model-based techniques
with the learning capability of deep networks. For each category, we highlight representative methods
and analyze their architectural designs, strengths, and limitations. Furthermore, we evaluate several
state-of-the-art methods using two widely adopted benchmark datasets in the field. Through a com-
parative study of both quantitative results and qualitative reconstructions, we provide a consolidated
perspective on the relative performance of each approach, offering practical guidance for selecting
appropriate mechanisms in various HS image reconstruction scenarios.

Finally, we discuss key challenges that persist in the field, including spectral distortion, com-
putational inefficiency, and limited generalization across diverse scenes and acquisition conditions.
We also identify emerging research directions aimed at overcoming these limitations, such as the
use of spectral-aware learning strategies, lightweight model design, domain adaptation, and physics-
informed architectures. We hope that this survey serves as a valuable reference for researchers and
practitioners, and inspires future innovations in hyperspectral image reconstruction.
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