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Abstract

Single hyperspectral image super-resolution (single-HSI-SR)
aims to improve the resolution of a single input low-
resolution HSI. Due to the bottleneck of data scarcity, the de-
velopment of single-HSI-SR lags far behind that of RGB nat-
ural images. In recent years, research on RGB SR has shown
that models pre-trained on large-scale benchmark datasets
can greatly improve performance on unseen data, which may
stand as a remedy for HSI. But how can we transfer the pre-
trained RGB model to HSI, to overcome the data-scarcity bot-
tleneck? Because of the significant difference in the channels
between the pre-trained RGB model and the HSI, the model
cannot focus on the correlation along the spectral dimension,
thus limiting its ability to utilize on HSI. Inspired by the HSI
spatial-spectral decoupling, we propose a new framework that
first fine-tunes the pre-trained model with the spatial compo-
nents (known as eigenimages), and then infers on unseen HSI
using an iterative spectral regularization (ISR) to maintain the
spectral correlation. The advantages of our method lie in: 1)
we effectively inject the spatial texture processing capabilities
of the pre-trained RGB model into HSI while keeping spectral
fidelity, 2) learning in the spectral-decorrelated domain can
improve the generalizability to spectral-agnostic data, and 3)
our inference in the eigenimage domain naturally exploits the
spectral low-rank property of HSI, thereby reducing the com-
plexity. This work bridges the gap between pre-trained RGB
models and HSI via eigenimages, addressing the issue of lim-
ited HSI training data, hence the name EigenSR. Extensive
experiments show that EigenSR outperforms the state-of-the-
art (SOTA) methods in both spatial and spectral metrics.

Code — https://github.com/enter-i-username/EigenSR

Introduction
Hyperspectral imaging sensors acquire three-dimensional
hyperspectral images (HSIs) by capturing a vector with hun-
dreds of contiguous spectral elements from each pixel within
a given scene, offering the perception capacity of various
types of real-world materials (Keshava and Mustard 2002;
Bioucas-Dias et al. 2013). However, physical restrictions
in imaging sensors lead to the final product of low spatial
resolution HSI (Hong et al. 2021; Yokoya, Grohnfeldt, and
*Corresponding author.
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Intelligence (www.aaai.org). All rights reserved.
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Figure 1: The motivation. The lack of HSI training data is
the main bottleneck for single-HSI-SR. The channel differ-
ences between RGB and HSI make it challenging to directly
transfer RGB models to HSI. Inspired by spectral-spatial de-
coupling, we leverage spatial part of HSI, namely eigenim-
ages, to bridge the gap between pre-trained RGB models and
HSI, and constrain the spectral part to keep spectral fidelity.

Chanussot 2017). To tackle this restriction, hyperspectral
image super-resolution (HSI-SR) task (Vivone 2023) has re-
ceived extensive attention by injecting abundant spatial de-
tails to HSI for spatial resolution improvement. Typically,
HSI-SR can be categorized into two branches of methods:
fusion-based (Xu et al. 2022; Peng et al. 2021; Xu et al.
2020) and single-image-based methods (Wan et al. 2022;
Liang et al. 2023; Dong et al. 2021; Zhang et al. 2023). In
this work, we focus on the single-HSI-SR task.

Similar to the definition of single RGB image SR (Dong
et al. 2015; Zhang et al. 2018), single-HSI-SR aims to re-
cover spatial details with only a single low-resolution (LR)
image. With the booming of deep learning (Bai et al. 2024,
2025; Zhou et al. 2024a; Nie, Xie, and Sun 2024; Xie et al.
2023; Nie et al. 2023), and the development of large-scale
benchmark datasets (Deng et al. 2009; Agustsson and Tim-
ofte 2017), single RGB image SR has reached a level of ma-
turity, exemplified in the studies that leverage pre-training
techniques (Chen et al. 2021; Li et al. 2021; Chen et al.
2023). Unfortunately, such an effective strategy cannot be
applied to HSI due to the scarcity of data (Liu et al. 2022;
Miao et al. 2022). Most existing single-HSI-SR methods can
only be trained on a small number of indoor and outdoor
images, or on low-resolution sub-images of remote sensing
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data (Jiang et al. 2020; Zhang et al. 2023), thus restricting
their capabilities. This scarcity of training data has become
the major bottleneck in the field of single-HSI-SR.

Given the lack of a large-scale dataset for pre-training an
HSI model, a natural question arises: how can we leverage
pre-trained RGB models to feed the data-hungry bottle-
neck of HSI? Directly transferring the RGB model for HSI-
SR is difficult, because the channels are not aligned (3 for
RGB and much more for HSI) (Yuan, Zheng, and Lu 2017;
Liang et al. 2023). Thus the RGB model cannot handle the
correlation along the spectral dimension.

To address the issue, we borrow the idea of HSI spatial-
spectral decoupling using the Singular Value Decomposi-
tion (SVD) (Zhuang and Ng 2023), and operate SR using
pre-trained RGB models solely on the spatial components
(known as eigenimages (Zhuang and Bioucas-Dias 2018)),
while constraining the spectral correlations with the spectral
components (called the spectral basis), as shown in Figure
1. Specifically, our method consists of two stages. First, we
fine-tune the pre-trained RGB model to adapt to the eigen-
image domain in a single-channel manner. Second, when
the fine-tuned model is used to infer1 on the unseen HSI,
we decompose the LR HSI, perform SR on the eigenim-
ages channel-by-channel, and reconstruct the SR HSI with
the spectral basis. Additionally, an iterative spectral regu-
larization (ISR) is proposed to enhance the spectral corre-
lation by fully utilizing the LR HSI. The advantages lie in
threefold: 1) we effectively inject the spatial texture pro-
cessing capabilities learned from abundant RGB images into
HSI while maintaining spectral correlation, 2) due to the
learning in the spectral-decorrelated domain, the general-
izability to spectral-agnostic data can be improved, and 3)
our inference in the eigenimage domain naturally exploits
the spectral low-rank property of HSI, thereby reducing the
complexity. This work bridges the gap between pre-trained
RGB models and HSI through eigenimages, addressing the
issue of limited HSI training data, hence the name EigenSR.
Extensive experiments show that EigenSR outperforms the
SOTA methods in both spatial and spectral metrics.

Our main contributions can be summarized as follows:

• We propose a new framework for single-HSI-SR that first
introduces large-scale pre-trained RGB models into HSI.
It leverages pre-trained models learned from abundant
RGB images to address the data-scarcity problem of HSI.

• Our method is based on the HSI spatial-spectral decou-
pling. We inject the spatial texture knowledge provided
by the pre-trained model to the spatial part via fine-
tuning, and regularize the spectral correlation when in-
ferring on unseen data. This effectively leverages the pre-
trained model while maintaining the spectral fidelity.

• Extensive experiments demonstrate that our method sur-
passes the current SOTA methods in both spatial and
spectral metrics, validating the effectiveness of introduc-
ing the pre-trained RGB models.

1In this paper, we do not particularly differentiate between “test”
and “infer”, both of which refer to performing single-image super-
resolution on the unseen low-resolution HSI.

Related Work
Single RGB Image Super-Resolution
Single RGB image SR has been a long-standing topic of in-
terest. Compared to convolutional neural networks (CNNs)
for SR (Dong et al. 2015; Ledig et al. 2017; Wang et al.
2018), Transformer-based architectures (Liang et al. 2021;
Chen et al. 2022, 2023; Hsu, Lee, and Chou 2024) have re-
cently gained prominence in SR due to their ability to ex-
tract non-local spatial features and their scalability. Recent
studies have found that self-supervised pre-training on large
benchmark datasets, such as ImageNet (Deng et al. 2009),
followed by fine-tuning on high-quality domain-specific
datasets, such as DIV2K (Agustsson and Timofte 2017) and
Flickr2K (Timofte et al. 2017), significantly enhances the
Transformer’s power to process spatial information (Chen
et al. 2021; Li et al. 2021; Chen et al. 2023). However, HSI
lacks such large datasets, which hinders the application of
pre-training. Therefore, we introduce pre-trained RGB mod-
els for HSI to address this data bottleneck.

Single HSI Super-Resolution
Single-HSI-SR not only involves processing spatial infor-
mation but also focuses on the spectral correlation. Re-
searchers used the 3D-CNN (Li, Wang, and Li 2020), group
convolution (Jiang et al. 2020), spectrum and feature con-
text (Wang, Li, and Li 2020), recurrent mechanism (Wang,
Ma, and Jiang 2022), and Transformers (Chen, Zhang, and
Zhang 2023; Zhang et al. 2023) to learn the spatial-spectral
correlations in HSI in an end-to-end manner. Limited by the
data, these models may not reach their full potential.

To address this issue, two interesting attempts (Yuan,
Zheng, and Lu 2017; Liang et al. 2023) have found the ef-
fectiveness of leveraging RGB images for HSI-SR, inspired
by transfer learning. They trained single-channel models on
RGB images and inferred on HSI band-by-band to align the
channels, followed by a non-negative matrix factorization
(NMF) to ensure the spectral fidelity. However, the band-
by-band operation in original HSI space and optimization of
NMF may result in high time costs. Unlike them, we per-
form SR in the eigenimage domain, which more effectively
and efficiently leverages large-scale pre-trained models.

Learning in the Eigenimage Domain
Learning in the eigenimage domain enables the independent
processing of spectral or spatial components. Current de-
noising methods leverage the natural low-rank property of
eigenimages and have achieved impressive results. For in-
stance, off-the-shelf methods (Dabov et al. 2007) were in-
serted into eigenimages for efficient denoising and inpaint-
ing (Zhuang and Bioucas-Dias 2018). CNNs were used on
eigenimages to remove mixed noise in HSI (Zhuang and Ng
2023). Deep spatial priors were learned exclusively in the
eigenimage domain for HSI denoising (Peng et al. 2024). In-
spired by the spectral-spatial decoupling, we perform single-
HSI-SR on eigenimages in this work. We will demonstrate
the effectiveness of eigenimages in the field of SR through
theoretical analysis and experimental observations.
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Methodology
Problem Formulation
Single-HSI-SR learns a SR model fSR(·) on the training
data, mapping the low-resolution HSI YLR ∈ RL×(N/κ2) to
the high-resolution (HR) HSI YHR ∈ RL×N , where L, N ,
and κ represent the number of spectral bands, the number
of pixels, and the spatial downsampling rate, respectively.
Since there is no real dataset of LR-HR pairs, we follow
the common practice that uses a downsampling operation
to generate LR HSI from HR HSI by: YLR = YHRD,
where D ∈ RN×(N/κ2) is the linear downsampling oper-
ator. Specifically, the downsampling operator D is the Bicu-
bic function (Chen et al. 2023; Hsu, Lee, and Chou 2024).

Limited by the data scarcity, fSR(·) cannot generalizes
well on unseen data. To address this limitation, we intro-
duce the pre-trained RGB model into HSI. However, due to
the difference in the image channels, RGB models cannot
capture the spectral correlations in HSI. Next, we will ex-
plain how to overcome this using eigenimages.

SR with Eigenimages. Singular Value Decomposition
(SVD) decomposes an HSI Y into spectral and spatial com-
ponents. This can be described as:

{U,Σ,V⊤} = SVD(Y), or Y = UΣV⊤, (1)

where (·)⊤ is the transpose operation; U ∈ RL×L and
V ∈ RN×L are semiunitary matrices, satisfying U⊤U = I
and V⊤V = I; Σ = diag{σ1, . . . , σL} is a diagonal matrix
of singular values arranged in descending order. We combine
Σ and V⊤ to form E = ΣV⊤, and the rows Ei,: in E are re-
ferred to as a set of eigenimages (Zhuang and Bioucas-Dias
2018). In this way, Y can be decomposed into orthogonal
basis vectors U:,i representing spectral information and cor-
responding eigenimages Ei,: representing spatial informa-
tion. Due to the semiunitary property of U, eigenimages can
also be represented as the projection form Ei,: = (U:,i)

⊤Y.
We rewrite the SVD of Y in the following form:

Y =
L∑

i=1

σiU:,i(V
⊤)i,: =

L∑
i=1

U:,iEi,: ≈
p∑

i=1

U:,iEi,:,

(2)
where we have p ≪ L. The rank-p approximation (2) holds
for most real-world HSIs (Bioucas-Dias et al. 2012), as they
may live in a low-dimensional space. Thus, Y can be well
reconstructed by: Y ≈ U:,1:p((U:,1:p)

⊤Y).
Now, through the above analysis, we derive an efficient

method for manipulating the HSI in the eigenimage domain
rather than in the original space:{

U = SVD(Y),

Ŷ = U:,1:pfSR((U:,1:p)
⊤Y),

(3)

where we use only the U matrix from the SVD for simplic-
ity; fSR(·) is the SR model that super-resolves the eigen-
images. Specifically, we perform SR with the eigenimages
channel-by-channel, to align the channel difference between
the RGB model and eigenimages.
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Figure 2: The flowchart of EigenSR. It consists of two
stages. Stage 1 uses the pre-trained Transformer Body to
fine-tune a single-channel model in the eigenimage domain.
Stage 2 utilizes the fine-tuned model for inference with iter-
ative spectral regularization on unseen LR HSI.

The advantages of SR with eigenimages are: 1) thanks
to spectral decoupling, the SR model can focus solely on
spatial information, while spectral correlations are stored in
U:,1:p to restore the original HSI space. This ensures that
the super-resolved HSI maintains spectral fidelity; 2) eigen-
images only contain the spatial information, which is more
generalizable to spectral-agnostic unseen data; 3) processing
p channels is more efficient than L in the original HSI space.

The Proposed EigenSR
Now, we will explain in detail how our EigenSR fully lever-
ages the pre-trained RGB model to process HSI based on
eigenimages. Our method consists of two stages, as shown
in Figure 2. First, we fine-tune the pre-trained model using
eigenimages. Second, when the model is applied to unseen
data, we use Eq. (3) to perform SR and introduce an itera-
tive spectral regularization (ISR). By repeatedly performing
model inference, updating U, and taking the weighted aver-
age of the SR results, we achieve better spectral fidelity.

Fine-Tuning the Pre-Trained Model in the Eigenimage
Domain. Transformer-based architectures generally con-
sist of a Transformer body and a CNN Head and Tail, with
the Head and Tail serving as three-channel input and output
layers specifically for RGB images. There are two reasons
for fine-tuning: 1) to replace the input and output channels
of the Head and Tail with one channel to align with the chan-
nels of eigenimages and focus solely on processing spatial
details, and 2) to adapt to the data in the eigenimage domain.
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Figure 3: Absolute spectral basis of the CAVE-beads image
at different downsampling rates. (a) |U:,1| and (b) |U:,2|.

We list the key steps of the fine-tuning process below:
Step 1: Prepare in advance the training set of triplets
{(YHR,YLR,UHR)n}n, where each YHR is the available
HR HSI, YLR = YHRD is the generated LR HSI, and
UHR = SVD(YHR) is the spectral basis from YHR;
Step 2: In each epoch, randomly select one channel c, and
obtain (EHR)c,: = ((UHR):,c)

⊤YHR and (ELR)c,: =
((UHR):,c)

⊤YLR, by projecting both YHR and YLR onto
the same eigenimage space using ((UHR):,c)

⊤.
Step 3: Feed the model with the LR eigenimage (ELR)c,:
and yield the super-resolved eigenimage (ESR)c,:, by
(ESR)c,: = fSR((ELR)c,:).
Step 4: Calculate the loss between (ESR)c,: and (EHR)c,:,
and perform backward propagation.

In this work, we use the pre-trained Image Processing
Transformer (IPT) (Chen et al. 2021) as the pre-trained RGB
model. The loss function is the L1 loss. For the settings of
fine-tuning, please refer to the Experiments section.

Why Eigenimages Work? Here we illustrate the reason
behind the effectiveness of learning eigenimages with the
following theorem.
Theorem 1: For eigenimages E = U⊤Y, we have:

1. If two column vectors Y:,i and Y:,j of Y are identical,
then their corresponding E:,i and E:,j are also identical.

2. If Y is downsampled by a linear operator D, then the
same D concurrently acts on E.

Theorem 1 indicates that each channel Ei,: of E preserves
the spatial structure of the original space Y, and that D acts
on each Ei,:. This enables us to fine-tune a single-channel
model for E, which has already been pre-trained on RGB
datasets, to learn the inverse mapping of the same degrada-
tion D. The proof of Theorem 1 is given in the Appendix.

Inference with Iterative Spectral Regularization on Un-
seen Data. The high-quality spectral basis UHR from
YHR can be used during fine-tuning. However, during infer-
ence on unseen data, only the LR HSI is available. We found
that the dominant components of U (e.g., U:,1 and U:,2) at
different downsampling rates are not affected seriously, as
shown in Figure 3. This is because most spectral information
in YLR is preserved despite the spatial degradation, even in
the extreme case where κ = 32. Therefore, by assuming that
the spectral information in YLR and YHR is close (Yuan,

Algorithm 1: Inference with iterative spectral regularization.

Input: Observed low-resolution HSI YLR; SR model
fSR(·); Rank R; Iteration number Nit; Combination
weight constant λ.

Output: The predicted SR HSI Y(Nit+1)
comb .

1: Y
(1)
comb = YLR;

2: for i in {1, . . . , Nit} do
3: U(i) = SVD(Y

(i)
comb);

4: E
(i)
LR = (U

(i)
:,1:R)

⊤YLR;
# The channel-by-channel processing in lines 5-7 can
be executed in parallel within a batch.

5: for j in {1, . . . , R} do
6: (E

(i)
SR)j,: = fSR((E

(i)
LR)j,:);

7: end for
8: Y

(i)
SR = U

(i)
:,1:RE

(i)
SR;

9: Y
(i+1)
comb = λY

(i)
SR + (1 − λ)Y

(i)
comb; # We replace

Y
(1)
comb here with Bicubic ↑κ (Y

(1)
comb).

10: end for

Zheng, and Lu 2017), we can extract the spectral informa-
tion from YLR to faithfully reconstruct YHR. We thereby
achieve an efficient method EigenSR-α, through:{

U = SVD(YLR),

YSR = U:,1:RfSR((U:,1:R)
⊤YLR),

(4)

where YSR is the SR HSI; fSR(·) is the model fine-tuned on
eigenimages that operates channel-by-channel; R is the rank
hyperparameter balancing the reconstruction performance
and inference efficiency. Although U assists to maintain the
spectral correlations in the original HSI space, it contains
compressed and incomplete spectral information of YLR.
We further propose a new iterative spectral regularization
(ISR) to fully utilize the spectral correlations of YLR, by
combining the result from the last iteration and then updat-
ing a new spectral basis as the following:{

Y
(i+1)
comb = λY

(i)
SR + (1− λ)Y

(i)
comb,

U(i+1) = SVD(Y
(i+1)
comb ),

(5)

where λ ∈ (0, 1] is a weight constant; Y(i)
comb is the com-

bined result starting from YLR. The detailed explanation
is in Algorithm 1. We denote this version as EigenSR-β.
Note that EigenSR-β takes more inference steps, but has in-
creased spectral regularization. When we set λ and the itera-
tion number Nit to 1, EigenSR-β degenerates to EigenSR-α.

Dataset Type #test/train Sensor Wavelength Size

ARAD 1K HSI 50/900 Specim IQ 400-700nm 482 × 512 × 31
CAVE HSI 32/- Apogee Alta U260 400-700nm 512 × 512 × 31

Harvard HSI 50/- Nuance FX 420-720nm 512 × 512 × 31
Pavia HSI 5/- ROSIS 430-860nm 192 × 192 × 102

DC Mall HSI 8/- Hydice 400-2400nm 128 × 128 × 191
Chikusei HSI 48/- HH-VNIR-C 363-1018nm 128 × 128 × 128

RESISC45 RGB -/29250 - Visible light 256 × 256 × 3

Table 1: Dataset information.
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Method Scale ARAD 1K-Test CAVE Harvard
PSNR↑ SSIM↑ SAM↓ PSNR↑ SSIM↑ SAM↓ PSNR↑ SSIM↑ SAM↓

Bicubic ×2 43.76 0.9824 0.878 40.11 0.9770 2.905 41.05 0.9545 2.314
DHSP (Sidorov and Yngve Hardeberg 2019) ×2 43.67 0.9804 2.016 42.40 0.9769 4.025 42.45 0.9604 2.496
SSPSR (Jiang et al. 2020) ×2 48.06 0.9913 0.826 42.95 0.9842 3.217 44.58 0.9750 2.331
SFCSR (Wang, Li, and Li 2020) ×2 48.70 0.9921 0.656 44.49 0.9865 2.612 45.56 0.9797 2.012
RFSR (Wang, Ma, and Jiang 2022) ×2 48.25 0.9914 0.894 43.73 0.9855 2.922 45.20 0.9783 2.086
TSBSR (Liang et al. 2023) ×2 48.12 0.9917 0.658 44.00 0.9860 2.654 43.20 0.9707 2.045
MSDformer (Chen, Zhang, and Zhang 2023) ×2 47.44 0.9908 1.011 42.53 0.9829 3.457 44.49 0.9748 2.321
ESSAformer (Zhang et al. 2023) ×2 48.97 0.9927 0.714 43.56 0.9857 2.909 44.93 0.9767 2.265
DKP (Yang et al. 2024) ×2 44.16 0.9827 1.957 42.96 0.9770 4.070 42.70 0.9650 2.599
EigenSR-α (Ours) ×2 49.09 0.9930 0.607 44.67 0.9869 2.609 45.65 0.9805 2.006
EigenSR-β (Ours) ×2 49.11 0.9930 0.600 44.97 0.9874 2.448 45.77 0.9819 1.924

Bicubic ×4 37.08 0.9280 1.641 34.38 0.9312 4.208 36.12 0.8811 2.741
DHSP (Sidorov and Yngve Hardeberg 2019) ×4 35.75 0.9257 1.707 36.26 0.9379 6.052 37.15 0.8911 2.922
SSPSR (Jiang et al. 2020) ×4 39.87 0.9524 1.713 37.11 0.9538 4.505 39.84 0.9287 2.716
SFCSR (Wang, Li, and Li 2020) ×4 40.06 0.9535 1.511 37.65 0.9562 3.989 39.97 0.9296 2.649
RFSR (Wang, Ma, and Jiang 2022) ×4 39.91 0.9526 1.823 37.39 0.9551 4.474 39.97 0.9299 2.665
TSBSR (Liang et al. 2023) ×4 39.81 0.9548 1.280 37.77 0.9583 3.715 38.31 0.9134 2.593
MSDformer (Chen, Zhang, and Zhang 2023) ×4 39.00 0.9437 2.134 36.03 0.9376 6.186 38.78 0.9135 2.893
ESSAformer (Zhang et al. 2023) ×4 40.40 0.9565 1.384 37.48 0.9576 4.144 40.04 0.9309 2.661
DKP (Yang et al. 2024) ×4 38.27 0.9343 1.824 36.48 0.9401 6.077 37.66 0.8999 3.005
EigenSR-α (Ours) ×4 40.28 0.9602 1.223 38.29 0.9619 3.576 40.18 0.9313 2.543
EigenSR-β (Ours) ×4 40.46 0.9605 1.182 38.36 0.9624 3.480 40.21 0.9315 2.524

Bicubic ×8 32.66 0.8453 2.613 30.07 0.8563 5.756 32.53 0.7932 3.222
DHSR (Sidorov and Yngve Hardeberg 2019) ×8 33.08 0.8409 5.083 31.95 0.8700 8.210 34.91 0.8501 3.343
SSPSR (Jiang et al. 2020) ×8 34.60 0.8770 2.646 32.60 0.8917 6.120 36.18 0.8616 3.090
SFCSR (Wang, Li, and Li 2020) ×8 34.59 0.8760 2.484 32.75 0.8926 5.514 36.21 0.8613 3.052
RFSR (Wang, Ma, and Jiang 2022) ×8 34.51 0.8738 3.222 32.53 0.8894 7.170 36.17 0.8607 3.192
TSBSR (Liang et al. 2023) ×8 34.55 0.8810 2.310 32.95 0.9000 5.158 34.43 0.8309 3.087
MSDformer (Chen, Zhang, and Zhang 2023) ×8 34.26 0.8705 3.018 31.04 0.8476 8.851 35.11 0.8415 3.750
ESSAformer (Zhang et al. 2023) ×8 34.71 0.8831 2.363 33.00 0.9005 5.670 36.27 0.8651 3.043
DKP (Yang et al. 2024) ×8 33.69 0.8517 5.136 32.23 0.8769 8.424 34.52 0.8479 3.563
EigenSR-α (Ours) ×8 34.62 0.8814 2.140 33.08 0.9006 5.195 36.31 0.8689 3.009
EigenSR-β (Ours) ×8 34.75 0.8835 2.086 33.13 0.9008 4.945 36.37 0.8696 2.975

Table 2: Quantitative comparison with the SOTA methods with reference image. ARAD 1K-Train is used for training. The best
results are marked in bold, and the second and third are underlined.

Experiments
Experimental Settings
Datasets. We list the dataset information in Table 1. The
ARAD 1K (He et al. 2023), CAVE (Yasuma et al. 2010),
and Harvard (Chakrabarti and Zickler 2011) datasets con-
tain high-quality HSIs of indoor and outdoor scenes, each
with 31 spectral bands, collected using three different sen-
sors. The ARAD 1K dataset includes 950 HSIs, with the
first 900 used as the training set (denoted as ARAD 1K-
Train) and the remaining 50 used as the test set (denoted as
ARAD 1K-Test). The CAVE and Harvard datasets contain
only a few dozen images, and we used them as test sets.

The remote sensing datasets Pavia2, DC Mall3, and
Chikusei (Yokoya and Iwasaki 2016) contain more than 100
channels, but have low spatial resolutions. The RESISC454

includes HR RGB images of remote sensing scenes. We used
the RESISC45 dataset as the training set, and the Pavia, DC
Mall, and Chikusei datasets as test sets to conduct blind test-
ing on the three datasets without the HR reference image.

Metrics. We used the peak signal-to-noise ratio (PSNR)
and structural similarity (SSIM) to evaluate the spatial qual-
ity of SR HSI, and the spectral angle mapper (SAM) for the
spectral quality. When testing without reference image, a no-
reference quality measurement score (NRQMS) (Yang et al.
2017) was used to jointly assess the spectral-spatial quality.

Comparative Methods. Several methods were compared,
including three unsupervised methods Bicubic, DHSP
2https://ehu.eus/ccwintco/index.php?title=Hyperspectral Remote Sensing Scenes
3http://lesun.weebly.com/hyperspectral-data-set.html
4https://tensorflow.google.cn/datasets/catalog/resisc45

(Sidorov and Yngve Hardeberg 2019), and DKP (Yang et al.
2024), and six supervised methods SSPSR (Jiang et al.
2020), SFCSR (Wang, Li, and Li 2020), RFSR (Wang, Ma,
and Jiang 2022), TSBSR (Liang et al. 2023), MSDformer
(Chen, Zhang, and Zhang 2023), and ESSAformer (Zhang
et al. 2023). Among them, TSBSR transfers RGB models to
HSI and uses NMF as the spectral constraint. Since it only
has remote sensing models, we replaced its model with the
fine-tuned IPT on original HSIs to adapt to various scenes.

Implementation Details. We used two NVIDIA 3090
cards to run the algorithms in PyTorch. We adopted the low-
rank adaptation (LoRA) (Hu et al. 2021) for parameter effi-
cient fine-tuning, applying LoRA parameters in parallel with
all q and v parameters in the pre-trained Transformer (Zhou
et al. 2024b), and set the low-rank hyperparameter r to 4
as suggested in the original paper. Thus, our trainable pa-
rameters consist only of LoRA and the Head and Tail. We
fine-tuned on the ARAD 1K-Train dataset for 2000 epochs
and on the RESISC45 dataset for 50 epochs, considering the
number of training samples. We used the Adam optimizer
with a learning rate of 0.001 and the batch size was 64.

When testing on unseen data, we set R to 50% of the num-
ber of channels L. For EigenSR-β, the number of iterations
Nit was set to 5, and the constant λ was empirically set to
0.8 for SR ×2, and 0.4 for SR ×4 and ×8, respectively.

Comparisons with the SOTA Methods
Quantitative Comparisons. First, we conducted compar-
isons for SR at ×2, ×4, and ×8 scales with HR reference
images. The LR images were obtained by downsampling
the HR reference images. The supervised methods were
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Figure 4: Visual results of SR ×4. (a) ARAD 1K-Test. (b) CAVE. (c) Harvard. (d) DC Mall. We used band numbers (27, 14, 6)
to generate the pseudo-color images for ARAD 1K, CAVE, and Harvard datasets, and band numbers (32, 14, 7) for DC Mall.

trained on ARAD 1K-Train, and all methods were tested on
ARAD 1K-Test, CAVE, and Harvard datasets. We used the
PSNR, SSIM, and SAM to evaluate the SR quality. The re-
sults are shown in Table 2. Our EigenSR-α and EigenSR-β
models achieved second and first rankings in both spatial
and spectral metrics, respectively, in almost all cases. Since
our models were fine-tuned on ARAD 1K-Train, they also
performed well on the CAVE and Harvard datasets, which
were captured by different sensors, demonstrating their gen-
eralization ability to spectral-agnostic unseen data.

Second, we conducted blind SR tests at scale ×4 without
reference images on the LR remote sensing datasets Pavia,
DC Mall, and Chikusei. We trained on the HR remote sens-
ing RGB dataset RESISC45, due to the lack of HR remote
sensing HSI for training. For those HSI-specific methods,
we trained a 3-channel model and performed SR on the test
HSI by processing adjacent three channels at a time. In con-
trast, since our single-channel model does not face channel
alignment issues, we directly fine-tuned on the eigenimages
of RGB images and tested on the eigenimages of HSI. We
used the no-reference metric NRQMS to jointly evaluate
the spatial and spectral quality, and recorded the inference
time (in seconds), as shown in Table 3. Our models can pro-
vide SR HSI with better spatial and spectral quality. Mean-
while, EigenSR-α consumes less inference time due to its
efficiency in the eigenimage domain, while EigenSR-β still

Method Pavia DC Mall Chikusei
NRQMS↓ Time(s) NRQMS↓ Time(s) NRQMS↓ Time(s)

Bicubic 22.42 - 22.26 - 24.70 -
DHSP (2019) 19.78 949.44 18.93 724.10 22.84 482.28
SSPSR (2020) 19.55 5.24 19.34 13.48 21.57 9.83
SFCSR (2020) 19.19 5.30 18.39 23.76 20.75 17.21
RFSR (2022) 22.90 3.66 22.80 10.30 24.70 7.76
TSBSR (2023) 19.83 211.86 19.43 159.28 21.22 107.91
MSDformer (2023) 19.33 8.88 18.33 28.52 20.72 20.31
ESSAformer (2023) 20.04 21.34 19.65 64.92 22.12 44.50
DKP (2024) 20.05 1205.31 19.89 886.52 22.98 450.40
EigenSR-α (Ours) 19.17 4.79 18.05 4.76 20.58 3.36
EigenSR-β (Ours) 19.13 24.54 17.98 24.36 20.42 17.16

Table 3: Quantitative comparison without reference image
at scale ×4. RESISC45 is used for training. The best results
are marked in bold, and the second and third are underlined.

keeps an acceptable inference time among other methods.

Qualitative Comparisons. We visually present several
SR test results from a spatial view, in Figure 4. Overall, our
method can provide clearer and sharper SR results. For ex-
ample, the stripes in the Harvard dataset and the small white
target in the DC Mall dataset. This is because our method ef-
fectively introduces the model pre-trained on a large amount
of RGB data, addressing the HSI data bottleneck, and en-
hancing spatial processing capabilities.

On the other hand, we compared the spectra of SR HSI
in Figure 5. It can be seen that our method provides spec-
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p(151, 321)

Figure 5: SR ×4 comparison in the spectral dimension on
CAVE dataset. We denote the spatial coordinate as p(151,
321). Our method can provide more accurate spectral curves.

Setting (explanation) PT NMF Eigen ISR PSNR↑ SSIM↑ SAM↓ Time(s)

① (IPT baseline) ✓ 39.96 0.9556 1.268 3.19
② (IPT w/ NMF) ✓ ✓ 39.81 0.9548 1.280 36.17
③ (EigenSR-α) ✓ ✓ 40.28 0.9602 1.223 1.13
④ (EigenSR-α w/o PT) ✓ 39.74 0.9538 1.310 1.13
⑤ (EigenSR-β) ✓ ✓ ✓ 40.46 0.9605 1.182 4.71

Table 4: Break-down ablation to improve the performance.

How to fine-tune PSNR↑ SSIM↑ SAM↓ #trainable params. (M)

Only Head & Tail 39.92 0.9551 1.250 0.78
Head & Tail + LoRA 40.46 0.9605 1.182 1.11

Full parameter 40.60 0.9610 1.175 115.68

Table 5: Different fine-tuning architectures.

tral curves closer to the reference spectral curve. This is be-
cause we preserved the spectral information during the SR
of eigenimages and recovered it during reconstruction, and
further constrained it through ISR. These resulted in more
accurate spectral estimates.

Ablation Studies
We conducted ablation studies on the ARAD 1K dataset.
The models were trained on ARAD 1K-Train and tested on
ARAD 1K-Test at a scale factor of ×4.

Break-down Ablation. We validated each component of
our method by breaking them down, as shown in Table 4. We
set the pre-trained (PT) model IPT followed by fine-tuning
on HSIs, as the baseline (①). The additional NMF spectral
constraint (Liang et al. 2023) was applied during inference
(②). Differently, EigenSR-α (③) fine-tuned the pre-trained
model in the eigenimage domain (Eigen). We removed the
pre-trained weights (④) from EigenSR-α and trained the
model from scratch instead of fine-tuning. The ISR was fur-
ther added to EigenSR-α as the EigenSR-β (⑤).

It can be found that NMF leads to a performance decrease
compared to the baseline while incurring a non-negligible
time cost during inference. This is probably because the
NMF optimization has the non-convex nature, making it dif-
ficult to adapt to various situations. In contrast, EigenSR-α
outperforms both ① and ② while maintaining efficient infer-
ence, which validates its effectiveness of learning the eigen-
images. Leveraging the RGB pre-trained weights results in
an improvement of ③ over ④. Moreover, despite introduc-
ing a longer but still acceptable inference time, EigenSR-β
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Figure 6: Effects of inference hyperparameters. (a) Rank R.
(b) Iteration number Nit (λ = 0.4 for EigenSR-β).

further outperforms EigenSR-α in terms of performance.

Fine-Tuning Architectures. We studied three different
fine-tuning architectures in Table 5: only fine-tuning the
Head & Tail, fine-tuning the Head & Tail along with the
LoRA embedded in the Transformer, and full parameter
fine-tuning. It can be observed that full parameter fine-
tuning leads to the best performance but imposes a heavy
burden in terms of parameters. Only using the Head & Tail
for fine-tuning does not achieve optimal performance. Incor-
porating LoRA allows the Transformer to better adapt to the
eigenimage domain while keeping parameter efficiency.

Inference Hyperparameters. The rank R and the itera-
tion number Nit balance the SR performance and time costs.
Figure 6 studies the effects of the two hyperparameters. It
can be observed that as the two hyperparameters increase,
the performance gradually improves and eventually satu-
rates, while the inference time grows linearly. Considering
the balance between performance and time, we suggest a
reasonable configuration: R/L = 50% and Nit = 5.

Conclusion
This work presents EigenSR for single-HSI-SR, a method
that fully leverages the spatial capabilities of pre-trained
RGB models while maintaining spectral correlations, to ad-
dress the data bottleneck of HSI. It is based on the concept
of spatial-spectral decoupling via SVD and consists of two
stages. First, we fine-tune a single-channel model on the spa-
tial components, i.e., the eigenimages, allowing the RGB
model channels to align with HSI and adapt to the eigen-
image domain. Then, during inference on unseen data, we
decompose the LR HSI, perform channel-wise SR on its
eigenimages, and reconstruct the SR HSI using the spec-
tral components, i.e., the spectral basis, to maintain spectral
correlations. Furthermore, we propose ISR to fully exploit
the LR HSI and enhance spectral fidelity. We only introduce
the pre-trained model in the spectral-agnostic spatial com-
ponents, which enhances the model’s generalization ability.
Additionally, by utilizing a small number of low-rank eigen-
images, we reduce the inference complexity. Extensive ex-
periments demonstrate that our method outperforms SOTA
approaches, proving the effectiveness of introducing pre-
trained RGB models to address the data scarcity in HSI.
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