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Abstract—Hyperspectral Imaging (HSI) captures rich 

spectral details far beyond RGB cameras. To enable 

real-time acquisition, contemporary HSI systems often rely 

on compressive sensing theory, making the reconstruction of 

hyperspectral data from compressed measurements a 

fundamental and challenging task in computational imaging. 

While supervised deep learning has achieved remarkable 

success in Hyperspectral (HS) image reconstruction tasks, 

the generalization capability of these existing models is often 

hindered by limited training data, resulting in poor 

performance on unseen scenes. To address this issue, we 

proposed ADAPT (ADAptive Prior Transfer), a test-time 

prior transfer framework that bridges the gap between the 

general priors learned by a pre-trained model and the 

specific information of a target scene. Our method leverages 

a arbitrary pre-trained deep unfolding or end-to-end 

network and test-time fine-tuning using a loss function 

derived from the physical Coded Aperture Snapshot Spectral 

Imaging (CASSI) imaging forward model and the emprical 

prior of HSI. Experiments on the KAIST dataset 

demonstrated that our method improved the reconstruction 

quality for both transformer- and deep unfolding-based 

models.  

Keywords—hyperspectral image reconstruction, test-time 

adaptation, self-supervised learning 

I. INTRODUCTION

Hyperspectral Imaging (HSI) provides rich spectral 

information for a wide range of applications including 

remote sensing [1–3], medical imaging [4, 5], and 

agriculture [6]. However, conventional HSI systems based 

on Whiskbroom (e.g. AVIRIS [7, 8]) or Pushbroom (e.g. 

Hyperion [9]) scanning systems are limited by their 

temporal resolution, rendering them incapable of capturing 

dynamic scenes in real time [10–13]. This issue can be 

addressed by Snapshot Compressive Imaging 

(SCI) [14, 15], which offers a solution by capturing and 

compressing high-dimensional spectral data into a single 

2-dimensional measurement [10]. One of the most

representative SCI architectures is the Coded Aperture

Snapshot Spectral Imaging (CASSI) system [14, 16, 17],

which optically encodes and compresses a 3-dimensional

HSI data cube 𝑋 into an encoded 2-dimensional snapshot
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𝑌, and a software decoder is required to reconstruct the 

compressive snapshot into a high-quality 3D HSI cube. 

HSI reconstruction has been extensively investigated 

through a wide range of strategies, ranging from traditional 

model-based techniques [18–20] to modern deep 

learning—driven frameworks [21–25]. Conventional 

model-based methods, grounded in physical priors and 

mathematical regularization principles, offer clear 

interpretability and theoretical tractability [18–20]. 

However, their reconstruction performance is often limited 

by the reliance on handcrafted priors, simplified 

assumptions about spectral–spatial correlations, and the 

high computational burden associated with iterative 

optimization to solve the inverse problem [10, 26, 27]. In 

contrast, deep learning-based approaches have achieved 

remarkable advances by leveraging data-driven prior 

modeling and end-to-end optimization, resulting in 

substantial improvements in both reconstruction accuracy 

and computational efficiency [21–25]. Among these, Deep 

Unfolding Networks (DUNs) [28–30] have emerged as a 

particularly promising paradigm that bridges the gap 

between interpretability and learning flexibility. By 

embedding priors that are automatically learned through 

neural network architectures into the underlying 

mathematical imaging model, DUNs effectively unify the 

complementary strengths of model-based optimization and 

deep learning. Specifically, DUNs unfold iterative 

optimization algorithms into trainable neural networks, 

thus preserving the interpretability and physical 

constraints of model-based methods while simultaneously 

leveraging the powerful representation and generalization 

capabilities of neural networks. This hybrid paradigm 

facilitates the principled integration of domain-specific 

knowledge such as physical constraints and degradation 

models, within a learnable and data-adaptive framework. 

Consequently, DUNs achieve a favorable trade-off 

between theoretical soundness and empirical performance, 

making them a compelling choice for complex inverse 

imaging problems such as HSI reconstruction. Despite 

these advances, a key limitation of many existing deep 

learning methods lies in their reliance on dataset-driven 

priors, which restricts their generalization capability 

across diverse imaging conditions and application domains. 
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This generalization gap presents a primary obstacle to the 

real-world application of supervised HSI reconstruction 

models [10, 24, 31]. 

To bridge this generalization gap that often arises when 

models trained on limited datasets are deployed in real-

world scenarios, we propose ADAPT, a self-supervised 

test-time adaptation framework designed to enhance 

model robustness and adaptability under unseen conditions. 

Unlike purely self-supervised frameworks that learn priors 

from scratch using only measurements, we leverage the 

rich spectral-spatial representations learned by supervised 

models from labeled data by introducing a dynamic self-

supervised learning mechanism during the inference stage 

to align these general priors with the specific statistics of 

the target scene. This “General-to-Specific” transfer 

strategy enables the model to learn scene-specific priors 

directly from the target measurement, thereby adapting to 

distributional shifts and unmodeled variations that were 

not captured during the initial training phase. 

Specifically, the self-supervised objective in the 

inference stage integrates two complementary components: 

(1) A measurement consistency constraint, which enforces 

fidelity between the reconstructed hyperspectral signal and 

the observed compressed measurement, ensuring physical 

plausibility; and (2) a signal prior regularization, which 

encodes the inherent spectral–spatial smoothness and 

structural correlations of hyperspectral data. These jointly 

formulated objectives steer a lightweight fine-tuning 

process with the available test measurement only, thereby 

allowing the model to adjust its parameters in response to 

the specific spectral and statistical characteristics of the 

novel scene. Quantitative experiments on benchmark HS 

image dataset confirm the efficacy of the proposed 

ADAPT framework over both transformer-based End-to-

End (E2E) and deep unfolding-based models. 

In summary, our main contributions are as follows. 

• We propose ADAPT, a test-time adaptation 

framework for HSI reconstruction that enables a 

supervised pre-trained deep unfolding network or 

E2E network to dynamically adapt to unseen 

scenes during inference. By introducing a  

self-supervised learning objective, the framework 

allows the model to capture scene-specific 

spectral-spatial characteristics without requiring 

additional labeled data, thereby addressing the 

generalization gap inherent in conventional 

supervised methods. 

• Our self-supervised objective combines a 

measurement consistency constraint, ensuring 

physical fidelity between reconstructed signals 

and observed compressed measurements, with a 

signal prior regularization, which encodes 

intrinsic spectral-spatial correlations and 

structural smoothness. 

• Extensive experiments on benchmark HSI 

datasets validate the effectiveness of ADAPT, 

achieving significant gains in reconstruction 

metrics for both deep unfolding and E2E 

networks. 

II. RELATED WORKS 

A. Hyperspectral Image Reconstruction 

Mathematically, the reconstruction of 3D hyperspectral 

images from 2D compressed measurements represents an 

ill-posed linear inverse problem [10]. Early solutions 

primarily relied on model-based optimization methods, 

which leveraged hand-crafted priors such as Total 

Variation (TV) [26] or low-rank matrix  

decomposition [20, 27] to regularize the solution space. 

While such methods offer strong mathematical 

interpretability, they suffer from high computational 

burdens and limited reconstruction quality, due to the 

iterative optimization process and the simplicity of hand-

crafted process. 

With the growing success of deep neural networks 

across a wide range of vision tasks, deep learning-based 

HSI reconstruction has emerged as a dominant paradigm, 

enabling data-driven learning of spectral-spatial 

correlations that are difficult to model analytically. Early 

approaches predominantly employed end-to-end networks 

that learn a direct mapping from two-dimensional 

compressed measurements to three-dimensional 

hyperspectral cubes. For instance, Miao et al. [23] 

proposed a dual-stage generative model that captures 

representative features in both the spatial and spectral 

domains, while Meng et al. [32] enhanced a U-Net 

architecture with self-attention modules to achieve 

accurate and real-time reconstruction. Yorimoto et al. [33] 

developed HyperMixNet, which jointly learns spatial 

context and spectral dependencies using multiple 

supervision signals, and Hu et al. [22] designed a  

dual-domain learning framework to better preserve  

high-frequency spectral details in compressive imaging 

tasks. More recently, the field has witnessed a paradigm 

shift from Convolutional Neural Networks (CNNs) to 

Transformer-based architectures, driven by their superior 

capability to capture long-range dependencies. 

Transformer models such as Mask-guided Spectral-wise 

Transformer (MST) [34] and Coarse-to-fine Sparse 

Transformer (CST) [35] exploit self-attention mechanisms 

to model global spectral relationships while maintaining 

computational efficiency by operating primarily in the 

spectral dimension. 

B. General Prior Learning in HSI Reconstruction 

Despite the remarkable success and architectural 

diversity ranging from deep unfolding networks to 

transformer-based networks, these networks share a 

common paradigm of general prior learning. In this 

paradigm, models are trained in a supervised or  

self-supervised manner on a fixed dataset, such as 

Columbia Imaging and Vision Laboratory dataset (CAVE 

dataset) [36] or Korea Advanced Institute of Science and 

Technology dataset of Hyperspectral Reflectance Images 

(KAIST dataset) [37], to learn a mapping from 

measurements to hyperspectral images. During the model 

training process, the network parameters encapsulate a 

general prior representing the statistical characteristics of 

the training data. However, such a paradigm would cause 
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a generation gap that arises when the pre-trained model is 

deployed to reconstruct unseen scenes. Due to the high 

dimensionality of hyperspectral data, the spectral 

characteristics and spatial structures in real-world testing 

scenarios often diverge significantly from that in the 

training data, thus the general prior learned by the network 

may fail to capture unique prior of the target scene, 

resulting in artifacts, spectral distortion, or performance 

degradation. Consequently, while general prior learning 

provides strong reconstruction capability, it remains 

essential to integrate physically grounded modeling or 

adaptive learning mechanisms to enhance robustness and 

generalization in real-world HSI reconstruction. 

C. Test-Time Adaptation 

To overcome distribution shifts and improve robustness 

in real-world deployments, Test-Time Adaptation (TTA) 

techniques emerged as a paradigm to address distribution 

shifts by adapting pre-trained models to test data during 

inference. TTA approaches typically begin with a  

pre-trained network and perform lightweight parameter 

fine-tuning during inference, guided by a self-supervised 

objective defined directly on the test  

measurements [38, 39]. Through this mechanism, TTA 

frameworks effectively adapt the broadly learned 

representations from the training phase to the  

scene-specific characteristics of the target domain without 

additional ground-truth annotations. In high-level 

computer vision tasks such as classification, methods such 

as Test Entropy Minimization (TENT) [40]  and Source 

Hypothesis Transfer (SHOT) [41] typically minimize the 

entropy of model predictions to align source and target 

distributions, assuming that low-entropy predictions on 

target data correlate with high accuracy. However, these 

classification-oriented TTA methods are not suitable for 

direct application to low-level reconstruction problems, 

such as HSI reconstruction, because the latter requires 

pixel-wise fidelity rather than classification accuracy. In 

addition, the effectiveness of TTA largely depends on the 

quality of the pre-trained model, which determines the 

richness and generality of the prior knowledge available 

for transfer [39]. 

Motivated by such insight, our proposed ADAPT 

framework starts from high-performance pretrained deep 

unfolding- and transformer-based models; rather than the 

entropy minimization approach in high-level computer 

vision tasks, we employ a self-supervised, physics-driven 

adaptation loss to guide fine-tuning at test time. This 

design enables effective knowledge transfer from general 

training distributions to scene-specific domains, thereby 

maximizing reconstruction fidelity and robustness in  

real-world hyperspectral imaging scenarios. 

III. METHODS 

This section first introduces the compressive imaging 

process of the CASSI system, which provides the 

fundamental mathematical formulation underlying our 

self-supervised learning objective. We then present the 

overall architecture of the proposed ADAPT framework, 

highlighting its integration of physical measurement 

constraints and adaptive learning mechanisms. 

Subsequently, we elaborate on the general prior learning 

strategy based on the Generalized Alternating Projection 

(GAP)-net model, followed by a detailed description of the 

scene-specific prior transfer that occurs during the  

test-time adaptation phase. 

A. Physical Imaging Process of CASSI Imaging Model 

To ensure the fidelity of the reconstructed measurement, 

we integrated the physical imaging process of the CASSI 

system into the forward model of our ADAPT framework. 

The CASSI system enables the acquisition of a  

three-Dimensional (3D) HS cube within a single  

two-Dimensional (2D) measurement, thereby achieving 

real-time compressive HS imaging. In CASSI, each 

spectral channel of the target scene 𝑋 ∈ ℝ𝐻×𝑊×𝐵𝜆 , where 

𝐻 , 𝑊  and 𝐵𝜆  are the height, width, and number of 

wavelengths, respectively, is modulated by a coded 

aperture mask 𝑀 ∈ ℝ𝐻×𝑊 and subsequently dispersed by 

a prism according to its wavelength. The detector records 

the superimposed measurement 𝑌 ∈ ℝ𝐻×𝑊, which can be 

described as: 

 𝑌 = ∑ 𝑆𝜆
𝐵𝜆
𝜆=1

(𝑀 ⊙ 𝑋𝜆) + 𝑁, (1) 

where 𝑆𝜆(⋅)  denotes the wavelength-dependent shift 

operator, ⊙  represents element-wise multiplication, and 

𝑁 is the system noise. 

For simplicity, the imaging model in Eq. (1) can be 

written in the vectorized linear form by noting three facts. 

First, the element-wise modulation by the coded aperture 

satisfies vec(𝑀 ⊙ 𝑋𝜆) = diag(vec(𝑀)) 𝑥𝜆 , which turns 

the masking operation into a diagonal matrix. Second, the 

wavelength-dependent shift operator 𝑆𝜆(⋅)  is linear and 

can therefore be represented by a permutation-type matrix 

𝑃𝜆 acting on the vectorized image. Finally, by stacking the 

contributions of all spectral bands, the overall sensing 

matrix is obtained as 𝛷 = [ 𝑃1diag(𝑚)  𝑃2diag(𝑚) ⋯  
𝑃𝐵𝜆

diag(𝑚) ] , leading to the compact vectorized 

representation as: 

 𝑦 = 𝛷𝑥 + 𝑛, (2) 

where 𝑦  and 𝑥  are the vectorized forms of 𝑌  and 𝑋 , 

respectively, and 𝛷  refers to the system sensing matrix 

encoding both optical modulation and spectral dispersion. 

The primary task of HSI construction is to recover HSI 

images 𝑥 given a known snapshot 𝑦 and sensing matrix 𝛷. 

This forward model provides the physical foundation of 

our proposed ADAPT framework, ensuring measurement 

consistency during self-supervised test-time adaptation. 

B. Overall Architecture 

Building upon the CASSI forward model, our proposed 

ADAPT framework introduces a self-supervised test-time 

adaptation strategy to enhance the generalization 

capability of HSI reconstruction networks under unseen 

conditions. As illustrated in Fig. 1, ADAPT operates on a 

supervised pre-trained GAP-net, which serves as the 

backbone network. Through supervised learning on 
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diverse training samples with paired input–output data, 

GAP-net effectively captures a general spectral–spatial 

prior that represents the underlying correlations across 

multiple scenes. 

During inference, ADAPT augments this general prior 

with a self-supervised learning objective that adapts the 

model to the unique characteristics of the target 

measurement. Specifically, the adaptation objective 

integrates two complementary components: (1) a 

measurement consistency loss and (2) a signal prior 

regularization. These objectives drive a lightweight  

fine-tuning process performed directly on the test 

measurement, without requiring additional labeled data. 

Through the adaptive optimization, ADAPT effectively 

transfers scene-specific priors into the pre-trained model, 

achieving improved reconstruction fidelity and robustness. 

 

 

Fig. 1. Our ADAptive prior transfer framework for CASSI HSI reconstruction. 

C. General Prior Learning with GAP-net 

To achieve accurate and interpretable HSI 

reconstruction, our framework employs the Generalized 

Alternating Projection Network (GAP-net) [42] as the 

backbone model for learning general spectral–spatial 

priors from data. GAP-net is a representative DUN method, 

which bridges traditional optimization-based 

reconstruction and deep learning by unrolling iterative 

algorithms into a trainable neural network  

architecture [30, 34]. This design allows each network 

stage to correspond to one iteration of an optimization 

procedure, thereby maintaining the interpretability and 

convergence properties of the underlying physical model. 

Concretely, GAP-net formulates HSI reconstruction as 

an optimization problem to estimate the target HS signal 𝑥 

by minimizing a combination of measurement fidelity and 

learned prior regularization: 

 𝑥̂ = arg min
𝑥

1

2
∥ 𝑦 − 𝛷𝑥 ∥2

2+ 𝜂𝑓CNN
𝜃 (𝑥), (3) 

where 𝑓CNN
𝜃 (⋅)  represents a CNN parameterized by 𝜃 , 

which implicitly encodes data-driven spectral–spatial 

priors. The first term enforces consistency with the 

physical measurement process, while the second term 

introduces a learnable regularization that captures the 

intrinsic structures and smoothness properties of 

hyperspectral data. 

To efficiently solve the optimization problem in Eq. (3), 

GAP-net unfolds the iterative reconstruction procedure 

into a sequence of learnable network stages, each 

corresponding to one iteration of the underlying 

optimization algorithm. The reconstruction alternates 

between two complementary modules: a data-consistency 

module, which enforces fidelity between the reconstructed 

hyperspectral estimate and the observed measurement, and 

a prior-update module, which employs a CNN to 

adaptively refine the spectral–spatial representation of the 

signal. The conceptual scheme of the GAP-net is 

illustrated in the top part of Fig. 1. Through supervised 

training with paired measurement–ground-truth datasets, 

the network learns optimal parameters 𝜃∗ that effectively 

encode a general prior representation reflecting the 

statistical regularities and correlations inherent in 

hyperspectral imagery. 

After supervised pre-training, the learned model can 

generate an initial reconstruction for an unseen 

compressive measurement y𝑡 as: 

 𝑥𝑡 = GAPNet𝜃∗
(𝑦𝑡 , 𝛷), (4) 

where the pre-trained parameters 𝜃∗ embody the general 

prior knowledge acquired from the training dataset [42]. 

D. Specific Prior Learning with Test-Time Adaptation 

While the supervised pre-trained GAP-net successfully 

captures a general spectral-spatial prior from the training 

dataset, its reconstruction performance may deteriorate 
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when confronted with domain shifts in real-world test 

scenarios. Such discrepancies often arise from variations 

in illumination conditions, material properties, or sensor 

noise, leading to distributional mismatches between the 

training and deployment environments. To alleviate this 

limitation, we introduce a Specific Prior Learning strategy 

based on Test-Time Adaptation (TTA), which enables the 

model to refine its learned priors during inference without 

requiring ground-truth supervision. 

In the proposed ADAPT framework, test-time 

adaptation is formulated as a self-supervised optimization 

process that fine-tunes the parameters of the pre-trained 

GAP-net using only the observed measurement 𝑦𝑡 . This 

adaptation is guided by a hybrid objective that integrates 

two complementary constraints: measurement consistency 

and signal prior regularization. The overall test-time 

objective can be expressed as: 

 ℒADAPT = ℒMC + 𝜆ℒSP,  (5) 

where ℒMC  enforces physical fidelity between the 

reconstructed hyperspectral estimate and the 

corresponding compressed measurement [43], while ℒSP 

regularizes the reconstruction by imposing implicit signal 

priors derived from the model’s own predictions. 

In this study, we employ two complementary priors to 

formulate ℒSP : the Total Variation (TV) prior and the 

Spectral Low-Rank (LR) prior. Consequently, ℒSP  is 

defined as: 

 ℒSP = ℒTV + 𝛾ℒLR, (6) 

where the hyperparameter 𝛾  modulates the relative 

contribution of the two regularization terms, thereby 

controlling the balance between ℒTV  and ℒLR  in the loss 

item ℒSP. 

Next, we will elaborate on the specific formulation of 

each loss component employed in the proposed adaptation 

framework. 

E. Measurement Consistency Loss 

Denoted as ℒ𝑚𝑐, the measurement consistency loss acts 

as a data filedity term which ensures that the reconstructed 

HSI 𝑥̂ will reproduce a similar measurement 𝑦̂ compared 

to input measurement 𝑦 when passed through the forward 

model, neglecting the noise. In our experiment, the 

measurement consistency is defined as the root mean 

square error between the input and simulated 

measurements as inspired by [43], written as: 

 ℒ𝑚𝑐 = RMSE(𝑦, Φ𝑥̂), (7) 

F. Total Variation Loss 

The total variation loss is denoted ℒ𝑡𝑣 . The total 

variation regularizer applies a linear penalty by 

minimizing the L1-norm of the image gradient, thereby 

preserving sharp edges while removing noise [44, 45]. We 

use the total variation to achieve flat regions without  

over-penalizing large gradients that possibly define object 

boundaries. The total variation loss we use in our settings 

can be written as: 

 ℒ𝑡𝑣 = ∑ (∥ 𝒟ℎ𝑥̂𝑘 ∥1 +∥ 𝒟𝑣𝑥̂𝑘 ∥1)
𝐵𝜆
𝑘=1 ,  (8) 

where 𝐵𝜆 is the number of spectral bands, 𝑥̂𝑘 is the k-th 2D 

spectral band of the reconstructed HSI 𝑥̂, and 𝒟ℎ and 𝒟𝑣 

are the horizontal and vertical gradients, respectively [26]. 

The total variation loss in our setting is critical because the 

measurement consistency alone may be insufficient to 

prevent the foundation model from producing noisy 

solutions by guiding the model to produce spatially 

consistent images while preserving clean edges. 

G. Spectral Low-Rank Loss 

The spectral low-rank loss, denoted by ℒ𝑙𝑟 , is a key  

component of our signal prior which exploits the high 

spectral correlation inherent in HSI data. 

It is well established that hyperspectral images exhibit 

significant redundancy across their spectral dimensions, 

meaning that spectral signatures within a local spatial 

patch can be represented by a low-rank matrix [43, 46–48]. 

The primary goal of low-rank approximation is to recover 

the structure, which often involves rank minimization; 

however, minimizing the rank of a matrix is a non-convex, 

NP-hard problem, which is often computationally 

intractable [46, 49, 50] . Therefore, the standard approach 

is to replace the rank minimization problem with its 

tightest convex surrogate, Nuclear Norm Minimization 

(NNM) [46, 51], which minimizes ||𝑋||∗ = ∑𝜎𝑖(𝑋), the 

sum of the singular values. 

As pointed out in [46], one of the key limitations of 

standard NNM is that NNM penalizes all singular values 

equally. This can be suboptimal in HSI reconstruction, as 

larger singular values typically correspond to the principal 

signal components, while smaller singular values are more 

likely to be associated with noise [20, 43]. Advanced 

methods, such as Weighted Nuclear Norm Minimization 

(WNNM) [46], would address this issue by assigning  

non-uniform weights to the singular values. 

Inspired by Gu et al. [46] and He et al. [43] and with 

reference to [52, 53], our framework adopts a  

logarithm-based penalty in the low-rank loss calculation, 

which achieves a similar non-uniform penalization. By 

taking the logarithm, we penalize smaller singular values, 

which often correspond to noise, more heavily, whereas 

larger singular values containing the main spectral 

information receive smaller weights in the loss. To 

compute the loss, we first divide the reconstructed HSI 𝑥̂ 

into 𝑁𝑝  overlapping 3D spatial-spectral patches with a 

spatial size of 𝑠 × 𝑠 and overlap length of 
𝑠

2
− 1. We then 

unfold each patch into a 2D matrix 𝑍𝑖 ∈ ℝ𝑠2×𝐵𝜆, where 𝐵𝜆 

is the number of spectral bands. We ensure 𝑠2 > 𝐵𝜆 so that 

the rank is constrained by the spectral dimension. 

Finally, we define the spectral loss as the mean of the 

log-sum of the singular values of these matrices, written as: 

 ℒlr =
1

𝑁𝑝
∑ ∑ log

𝐵𝜆
𝑟=1

𝑁𝑝

𝑖=1
(𝜎𝑟(𝑍𝑖) + 𝜖), (9) 
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where 𝜎𝑟(𝑍𝑖) is the 𝑟-th singular value of the matrix 𝑍𝑖 , 

and 𝜖  is a small positive constant (e.g., 10−8 ) used to 

ensure numerical stability and prevent log(0). 

Finally, we present our self-supervise loss function as a 

weighted sum of all priors mentioned above, as: 

 ℒ𝑡𝑜𝑡𝑎𝑙 = ℒ𝑚𝑐 + 𝜆𝑡𝑣ℒ𝑡𝑣 + 𝜆𝑙𝑟ℒ𝑙𝑟  (10) 

IV. EXPERIMENTS AND RESULTS 

We conducted experiments on the KAIST dataset [37] 

to validate the effectiveness of our framework in 

improving generalization performance compared with a 

pre-trained GAP-net model using 205 HS images in CAVE 

dataset [36]. We followed the experimental settings of 

CASSI-SSL [43] and reconstructed our HSIs with 28 

bands ranging from 450–650 nm. 

A. Experiment Settings 

Datasets: In our experimental study, we utilized two 

widely recognized hyperspectral image datasets. The 

CAVE dataset [36] comprises 32 HSIs with a spatial 

resolution of 512×512 pixels. In contrast, the KAIST 

dataset [37] contains 30 high-resolution hyperspectral 

scenes, each with dimensions of 2704×3376 pixels. In 

accordance with established experimental protocols [32], 

an augmented version of the CAVE dataset, consisting of 

205 samples, was employed to train the baseline GAP-net, 

MST and CST model. For the subsequent ADAPT transfer 

and evaluation phase, a subset of ten representative scenes 

from the KAIST dataset was selected in accordance  

to [34, 35, 42], and [43]. To ensure consistency across both 

datasets, the spectral range was constrained to 28 bands, 

corresponding to wavelengths between 450 nm and  

650 nm. 

Evaluation Metrics: We quantitatively evaluated our 

reconstruction performance using the Peak  

Signal-to-Noise Ratio (PSNR) and Structural Similarity 

(SSIM). 

Implementation Details: We implemented the 

ADAPT network using PyTorch on a system running 

Ubuntu 22.04.4 LTS, equipped with a Nvidia L40S GPU. 

The pre-trained models include one deep unfolding model 

(GAP-net) and two transformer-based models i.e. CST-L 

and MST-L. All pre-trained models are supervised, and 

each model is tested separately. Since the domain shift in 

hyperspectral data often involves complex spectral-spatial 

variations [54, 55], we fine-tune all the learnable 

parameters of the reconstruction network (e.g. the CNN 

denoisers in all 𝐾 stages of GAP-net, and all transformer 

blocks in MST-L and CST-L model) using the  

self-supervised loss. The physical sensing matrix Φ is kept 

frozen. For each test scene, the model was fine-tuned for 

400 iterations using the Adam optimizer with parameters 

𝛽1 = 0.9 and 𝛽2 = 0.999, and initial learning rate at 10−4, 

as outlined in [56], with a cosine annealing scheme. 𝜆𝑡𝑣 

was set to 0.0012 and 𝜆𝑙𝑟  was set to 0.0001. 

B. Simulation Results 

In our study, we applied the ADAPT framework to the 

pre-trained GAP-net model at test time. Table I provides 

detailed results of the reconstruction performance before 

(baseline) and after (ADAPT) fine-tuning. 

The results in Table I demonstrate that our ADAPT 

framework can guide GAP-net to generate better 

reconstruction results for most scenes. Across the 10 test 

scenes, our results improved the performance in seven 

cases, achieving an average PSNR gain of 1.43 dB. Scenes 

3, 4, and 9 benefited the most from our ADAPT framework, 

with PSNR increases of 3.96, 3.65, and 2.97 dB, 

respectively. This suggests that the specific priors of the 

scenes diverge significantly from the general prior learned 

by the model, in which case our framework steps out to 

bridge the generation gap between the prior knowledge 

learned by the model and the priors in specific scenes. To 

illustrate the improvements afforded by ADAPT, we 

present Fig. 2 as a qualitative comparison for Scene 3, 

which shows a PSNR gain of 3.96 dB. As observed in  

Fig. 2, the reconstruction after applying our approach 

achieved better visual results than the baseline model, 

successfully suppressing noise and artifact color banding 

while preserving the edges of the objects. 

TABLE I. PSNR / SSIM COMPARISON OF GAP-NET BEFORE AND AFTER 

APPLYING THE ADAPT FRAMEWORK ON THE KAIST DATASET 

Scene ID 
GAP-net 

(baseline) 

ADAPT 

(ours) 

PSNR Gain 

(dB) 

1 33.70 / 0.9175 34.84 / 0.9263 +1.14 

2 33.23 / 0.9021 33.75 / 0.9024 +0.52 

3 34.26 / 0.9333 38.22 / 0.9545 +3.96 
4 41.13 / 0.9726 44.78 / 0.9814 +3.65 

5 31.41 / 0.9236 32.39 / 0.9286 +0.98 

6 32.39 / 0.9303 32.39 / 0.9303 0.00 
7 32.23 / 0.9060 33.23 / 0.9273 +1.00 

8 30.41 / 0.9119 30.42 / 0.9049 +0.01 

9 33.47 / 0.9204 36.44 / 0.9436 +2.97 
10 30.20 / 0.9037 30.20 / 0.9037 0.00 

Average 33.24 / 0.9221 34.67 / 0.9303 +1.43 

TABLE II. PSNR / SSIM COMPARISON OF CST-L BEFORE AND AFTER 

APPLYING THE ADAPT FRAMEWORK ON THE 10 KAIST TEST SCENES 

Scene ID CST-L (baseline) 
ADAPT 

(ours) 

PSNR Gain 

(dB) 

1 35.87 / 0.9540 36.91 / 0.9572 +1.04 

2 36.88 / 0.9579 38.47 / 0.9618 +1.59 
3 38.25 / 0.9663 41.99 / 0.9767 +3.74 

4 42.41 / 0.9817 47.72 / 0.9911 +5.31 

5 33.20 / 0.9584 36.36 / 0.9700 +3.16 
6 35.79 / 0.9673 36.41 / 0.9698 +0.62 

7 34.72 / 0.9468 38.12 / 0.9700 +3.40 

8 34.26 / 0.9667 35.13 / 0.9699 +0.87 
9 36.39 / 0.9616 41.54 / 0.9790 +5.15 

10 33.00 / 0.9516 34.26 / 0.9574 +1.26 

Average 36.08 / 0.9612 38.69 / 0.9703 +2.61 

 

However, we also noticed that the performance 

stagnated for scenes 6, 8, and 10. We hypothesized that for 

these scenes, the image statistics were already well-aligned 

with the general prior learned by the pre-trained GAP-net 

model. This leaves little room for improvement via  

self-supervised adaptation; however, our method does not 

degrade performance in such cases. 
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C. Generalization Capability 

To validate the generalization capability of our 

framework, we further applied ADAPT to two other  

pre-trained Transformer-based HSI reconstruction models, 

CST [35] and MST [34]. The results are presented in 

Tables II and III. 

The results for CST-L and MST-L provided further 

evidence that despite the architectural differences in the 

HSI reconstruction models, our ADAPT framework 

delivered consistent and significant improvements across 

all three models. In addition, the performance gain of the 

transformer-based CST model was even more prominent 

than GAP-net baseline model. ADAPT improved 

reconstruction results for CST-L in all 10 scenes, 

achieving an average PSNR gain of 2.61 dB and per-scene 

gains as high as 5.31 dB (Scene 4) and 5.15 dB (Scene 9). 

We also observed an average gain of 0.86 dB on the  

MST-L model, with improvements in 9 out of 10 scenes. 

These experiments show that our ADAPT framework is a 

general strategy capable of bridging the generalization gap 

for various pre-trained models, regardless of whether they 

are based on DUN or Transformer architectures. 

TABLE III. PSNR / SSIM COMPARISON OF MST-L BEFORE AND AFTER 

APPLYING THE ADAPT FRAMEWORK ON THE 10 KAIST TEST SCENES 

Scene ID 
MST-L 

(baseline) 

ADAPT 

(ours) 

PSNR Gain 

(dB) 

1 35.44 / 0.9464 35.81 / 0.9446 +0.37 

2 36.12 / 0.9486 36.12 / 0.9486 0.00 
3 36.39 / 0.9546 38.43 / 0.9632 +2.04 

4 42.06 / 0.9773 44.33 / 0.9812 +2.27 
5 32.94 / 0.9503 33.79 / 0.9440 +0.85 

6 34.71 / 0.9573 34.92 / 0.9547 +0.21 

7 34.08 / 0.9320 34.79 / 0.9427 +0.71 
8 32.88 / 0.9529 33.14 / 0.9513 +0.26 

9 35.04 / 0.9466 36.67 / 0.9540 +1.63 

10 32.74 / 0.9462 33.04 / 0.9447 +0.30 
Average 35.24 / 0.9512 36.10 / 0.9529 +0.86 

 

 
Fig. 2. Visual comparison of reconstruction results and difference images (Diff.) between the reconstructed and ground-truth data for 3 

representative spectral bands (out of 28) of Scene 3 from the KAIST dataset. 
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D. Ablation Study 

To break down the impact of each component in our 

self-supervised loss function, we conducted an ablation 

study on the ADAPT framework by adding measurement 

consistency loss (ℒ𝑚𝑐 ), total variation loss ( ℒ𝑡𝑣 ), and 

spectral low-rank loss (ℒ𝑙𝑟) in each run. The results of the 

ablation study are listed in Table IV. 

TABLE IV. ABLATION STUDY ON THE COMPONENTS OF THE SELF-

SUPERVISED LOSS FUNCTION. AVERAGE PSNR AND SSIM ARE 

REPORTED ON THE KAIST DATASET 

Method Avg. PSNR (dB) Avg. SSIM 

GAP-net (No fine-tuning) 33.24 0.9221 

ADAPT (GAP-net, ℒmc only) 34.68 0.9282 

ADAPT (GAP-net, ℒmc + ℒtv) 34.69 0.9281 

ADAPT (GAP-net, ℒmc + ℒlr) 34.68 0.9306 

ADAPT (GAP-net, ℒmc + ℒtv + ℒlr) 34.67 0.9303 

CST-L (No fine-tuning) 36.03 0.9611 

ADAPT (CST-L, ℒmc only) 38.66 0.9695 

ADAPT (CST-L, ℒmc + ℒtv) 38.65 0.9697 

ADAPT (CST-L, ℒmc + ℒlr) 38.68 0.9700 

ADAPT (CST-L, ℒmc + ℒtv + ℒlr) 38.69 0.9703 

MST-L (No fine-tuning) 35.24 0.9512 

ADAPT (MST-L, ℒmc only) 36.10 0.9520 

ADAPT (MST-L, ℒmc + ℒtv) 36.09 0.9520 

ADAPT (MST-L, ℒmc + ℒlr) 36.11 0.9524 

ADAPT (MST-L, ℒmc + ℒtv + ℒlr) 36.10 0.9529 

 

The results indicate that the measurement consistency 

loss is the main contributor to the performance 

improvement, boosting the average PSNR by 

approximately 1.46 dB. This is expected because ℒ𝑚𝑐 

directly enforces that the reconstruction must conform to 

the physical measurement. The spectral low-rank loss 

further improves a slight improment in the structural and 

spectral accuracies, thus improving the SSIM. Notably, we 

observed a slight degradation in SSIM but stable PSNR 

when total variation loss (ℒ𝑡𝑣) is added to the loss function, 

compared to using the measurement consistency loss 

( ℒ𝑚𝑐 ) alone, which can be attributed to the inherent 

characteristics of total variation regularization called the 

staircase effect discussed in [44, 45]. While total variation 

loss effectively suppresses noise by enforcing piecewise 

smoothness, fine spatial textures may also be  

over-smoothed, causing loss of high frequency details in 

reconstructed image. While removing high-frequency 

noise improves the pixel-wise accuracy calculated by 

mean square error, the loss of fine textures penalizes the 

SSIM, which highly sensitive to structural information. 

However, the overall image quality can benefit from less 

frequent noise, given that PSNR is maintained. 

However, the staircase effect is alleviated by the 

spectral low-rank loss (ℒ𝑙𝑟 ). Unlike total variation, ℒ𝑙𝑟  

exploits the high correlation across spectral bands to 

separate signal from noise without blurring spatial details, 

thus preserving detailed spatial information. As shown in 

Table IV, introducing ℒ𝑙𝑟  yielded the best SSIM 

performance for all networks, maintaining the balance 

between less noise and more high-frequency spatial 

textures in final reconstruction. 

Fig. 3 shows the visualized loss curve during the  

fine-tuning of Scene 3, which achieved one of the highest 

PSNR gains. The total loss converged rapidly within the 

first 50 steps and then stabilized, demonstrating the 

efficiency and stability of the adaptation process. It is also 

evident that the total loss is dominated by the measurement 

consistency loss, denoted as MC Loss, showing the 

important role of the physics-informed forward model in 

guiding the prior transfer process. 

 
Fig. 3. Total loss curve against measurement consistency loss curve 

during prior transfer phase of Scene 3. 

E. Computational Analysis 

To assess the computational costs introduced in our 

ADAPT framework, we quantified the additional time cost 

in Table V. 

TABLE V. ADDITIONAL COMPUTATIONAL TIME INTRODUCED BY 

ADAPT FRAMEWORK 

Method 
Relative time per scene 

(seconds) 

GAP-net (No fine-tuning) 0.00 

ADAPT (GAP-net, ℒmc only) +31.50 

ADAPT (GAP-net, ℒmc + ℒtv) +31.14 

ADAPT (GAP-net, ℒmc + ℒlr) +172.15 

ADAPT (GAP-net, ℒmc + ℒtv + ℒ𝑙𝑟) +171.66 

CST-L (No fine-tuning) 0.00 

ADAPT (CST-L, ℒmc only) +26.93 

ADAPT (CST-L, ℒmc + ℒtv) +27.14 

ADAPT (CST-L, ℒmc + ℒlr) +173.35 

ADAPT (CST-L, ℒmc + ℒtv + ℒ𝑙𝑟) +172.79 

MST-L (No fine-tuning) 0.00 

ADAPT (MST-L, ℒmc only) +79.51 

ADAPT (MST-L, ℒmc + ℒtv) +97.23 

ADAPT (MST-L, ℒmc + ℒlr) +240.38 

ADAPT (MST-L, ℒmc + ℒtv + ℒ𝑙𝑟) +221.72 

 

The results indicate that the Measurement Consistency 

(ℒ𝑚𝑐) and Total Variation (ℒ𝑡𝑣) losses are computational 

lightweight. In GAP-net, adding ℒ𝑡𝑣  to ℒ𝑚𝑐  results in 

negligible time variations (from +31.50 s to +31.14 s), 

which can be attributed to system fluctuations rather than 

algorithmic complexity. In contrast, the spectral low-rank 

loss ℒ𝑙𝑟  significantly incresed the computational burden, 

adding an average of 143.46 s to testing time. This is 

expected, as the singular value decomposition required for 

ℒ𝑙𝑟  is a computationally intensive operation with a 

complexity of 𝑂(min(𝑚𝑛2, 𝑚2𝑛)) . However, although 

ADAPT introduces an average latency of 188.72 s per 

scene across different models, we recognize the  

trade-off acceptable for high-stakes scientific and medical 
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imaging applications, where reconstruction fidelity is 

prioritized over real-time processing. 

V. CONCLUSION AND LIMITATION 

In this study, we addressed the issue of poor 

generalization in supervised HSI reconstruction models. 

We proposed ADAPT, a test-time prior transfer 

framework that enhances the performance of a pre-trained 

model on unseen scenes by fine-tuning it using a  

self-supervised loss function. Our experiments 

demonstrated the efficacy of this method. By applying the 

ADAPT framework to a pre-trained GAP-net model, we 

achieved an average of 1.46 dB of PSNR improvement on 

the KAIST dataset. Our work suggests that such a test-time 

adaptation strategy is highly compatible with deep 

unfolding architectures, such as GAP-net, offering insights 

into more robust and adaptive hyperspectral imaging 

systems. 

However, while our proposed ADAPT framework 

demonstrates remarkable performance, this approach 

introduces additional computational costs. Although 

significantly faster than retraining, the required fine-tuning 

process for each new measurement may be a constraint for 

applications requiring real-time inference. In addition, we 

used fixed values for 𝜆𝑡𝑣  and 𝜆𝑙𝑟 , which may slightly 

hinder the reconstruction performance. We expect future 

studies to address these drawbacks. 
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