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spectral information. However, the limitations of imaging
principles result in a trade-off between spatial and spec-
tral resolution. Achieving high spectral resolution often
requires sacrificing spatial resolution, limiting the practi-
cal applications of hyperspectral imaging technology. Re-
cently, computational imaging methods, such as spectral
super-resolution [3, 5, 10, 31], coded aperture snapshot
spectral imaging [4, 42, 46], and spatial-spectral fusion
[15, 23], have received significant attention for their ca-
pability to reconstruct high-resolution hyperspectral im-
ages (HRHSI) through advanced algorithms. This paper
focuses on spectral-spatial fusion, which attempts to ob-
tain HRHSI by fusing low-resolution hyperspectral images
(LRHSI) with multispectral images (MSI).

Spectral-spatial fusion methods can be broadly catego-
rized into traditional and deep learning (DL)-based ap-
proaches. Traditional methods usually rely on manual
priors to establish relationships among LRHSI, MSI, and
HRHSI. The nonlinear capabilities of such models are lim-
ited, making it challenging to obtain high-quality HRHSI.
Benefiting from the powerful nonlinear modeling capacity
of deep learning techniques, both convolutional neural net-
work (CNN)-based methods and Transformer-based meth-
ods have demonstrated performance far superior to tradi-
tional methods. Despite these advances, DL-based meth-
ods still face significant challenges, with one of the most
prominent being the trade-off between computational cost
and fusion performance. While many CNN-based methods
offer lower computational cost but limited fusion accuracy,
Transformer-based methods achieve better fusion accuracy
at the expense of higher computational cost. Reducing com-
putational cost while maximizing fusion accuracy is a crit-
ical practical challenge, especially important for deploying
models on edge computing platforms or compact cameras.

Recently, some promising lightweight frameworks [22,
38] for visible light image super-resolution have been pro-
posed. These frameworks employ classifiers to categorize
the image into complex and smooth regions. They then pro-
cess these regions with different network structures, effec-
tively reducing the overall computational cost. However,
applying a classifier to hyperspectral images (HSIs) incurs
significant computational cost, as it needs to account for the
spatial and spectral structure simultaneously. Additionally,
directly processing the image patches or pixels obtained
through classification disrupts their inherent position infor-
mation.

To address the issues mentioned above, we propose a
novel network, SRLF-Net, which primarily consists of sev-
eral cascaded SRLFs. Each SRLF comprises two modules:
a Preliminary Fusion Module and a Selective Re-learning
Module. The Preliminary Fusion Module aims to prelim-
inarily extract feature before breaking the spatial position
relationship. It employs a multi-scale Mamba architecture,

providing strong global perception capability. The Prelim-

inary Fusion Module outputs a preliminary fusion feature,

with most feature points accurately extracted and only a few
feature points distorted. The Selective Re-learning Mod-
ule consists of two Spectral Transformer blocks and one

Mamba block. The Spectral Transformer blocks are respon-

sible for re-learning the feature points with spatial and spec-

tral distortions, respectively, while the Mamba block is re-
sponsible for integrating the re-learned results. To achieve
selective learning, we propose a Spatial-Spectral Guided

Selective Re-learning Mechanism (SSG-SRL), as shown in

Fig. 1. This mechanism incorporates the observation model

to generate pseudo-MSI and pseudo-LRHSI. It then iden-

tifies distorted feature points from both spectral and spa-
tial perspectives, requiring only a few parameters and in-
curring extremely low computational cost. By focusing on
distorted feature points and avoiding the over-processing of
well-extracted ones, this selective re-learning approach re-
duces the computational cost and mitigates overfitting.

Our contribution can be summarized as follows:

* We propose a novel SRLF integrating Mamba and Trans-
former, which first performs preliminary fusion and then
adaptively selects distorted feature points for targeted
learning, thereby avoiding computational waste and miti-
gating overfitting.

* We propose a Spatial-Spectral Guided Selective Re-
learning Mechanism that integrates the observation mod-
els of LRHSI and MSI, efficiently enabling selective
learning with few parameters (Params) and low compu-
tational cost.

* Based on SRLF, we construct an SRLF-Net for spatial-
spectral fusion, which balances fusion accuracy and com-
putational cost, surpassing current state-of-the-art meth-
ods on several public datasets with minimal computa-
tional cost.

2. Related Work
2.1. Traditional Methods

Traditional spatial-spectral fusion methods can be catego-
rized into two types: PAN-sharpening-based methods and
decomposition-based methods. Early approaches, such as
component substitution (CS)-based methods [2, 35] and
multiresolution analysis (MRA)-based methods [1, 26],
were initially designed for panchromatic sharpening tasks,
but later were also used for fusing LRHSIs and MSIs. The
decomposition-based methods mainly refer to matrix fac-
torization (MF)and tensor decomposition (TD). The MF-
based approach unfolds hyperspectral data into a two-
dimensional matrix and decomposes it into a spectral fea-
ture matrix and a mixing coefficient matrix. For instance,
a representative MF-based method was proposed by La-
naras et al. [24], which transformed the spatial-spectral fu-
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sion optimization problem into an estimation problem for a
constrained spectral feature matrix and a mixing coefficient
matrix. Li et al. [25] introduced regularization techniques
based on both external and internal priors in the matrix rep-
resentation. However, the unfolding operation disrupts the
three-dimensional structure of HSI, which is detrimental to
the reconstruction of HSI information. The TD-based meth-
ods treat the HSI as a three-dimensional tensor, overcoming
the limitations of MF-based methods and demonstrating a
certain level of advancement. For instance, Dian et al. [9]
proposed a generalized tensor nuclear norm to enforce low-
rank constraints in three spatial-spectral dimensions.

2.2. Deep Learning-based Methods

Deep Learning (DL)-based methods offer significant per-
formance improvements in the field of hyperspectral recon-
struction, thus gaining much attention [28, 29, 44, 45]. For
example, Palsson et al. [32] first employed the PCA tech-
nique for data dimensionality reduction and then fed the
reduced data into a fusion network based on 3D convo-
lution. In addition, some methods utilize the observation
model to improve the fusion performance. For example,
Xie et al. [41] and Dong [12] incorporated the observa-
tion model into the fusion network. Dian et al. [7] uti-
lized the observation model to generate training data, which
ensures the consistency of the imaging model between the
test data and the training data. CNN-based methods often
struggle with limited receptive fields, making them less ef-
fective in capturing global context. In contrast, the Multi-
Head Self-Attention (MHSA) mechanism in Transformers
allows for the effective capture of global information. Many
Transformer-based methods [30, 37] have been proposed
and have achieved better results. However, these methods
are limited by quadratic computational complexity. Re-
cently, Mamba, derived from state-space equation models
in control theory, has also been introduced to the field of
HSI reconstruction. For example, Peng et al. [33] designed
the FusionMamba module capable of handling dual inputs,
and embedded it into two U-shaped networks to achieve hy-
perspectral reconstruction.

Existing methods treat all pixels equally. However, pix-
els in smooth regions can be learned by a shallow network,
whereas only those in complex regions require a deeper net-
work. To leverage this property, we propose a selective re-
learning mechanism that adaptively identifies distorted pix-
els for targeted refinement, thereby enhancing fusion qual-
ity while reducing computational cost.

3. Our Proposed Method
3.1. Motivation and Framework Overview

Motivation. The process of image reconstruction over a
network resembles how humans learn new things: first, ac-

quiring an overall understanding of the content, and then fo-
cusing on more complex details. Therefore, we propose that
the network should first perform an initial feature extraction
of the entire image and subsequently refine a few distorted
feature points. This strategy can reduce the excessive learn-
ing on low-difficulty feature points, thereby mitigating the
risk of overfitting and lowering FLOPs.

Framework Overview. The structure of SRLF-Net is
shown in Fig. 2. The input MSI and LRHSI are denoted as
Y and X, respectively. First, they are concatenated along
the channels and pass through an embedding layer to adjust
the channel dimensions, resulting in Fy. Next, Fy under-
goes N SRLFs to produce [Fq, Fa, ..., Fx]. Finally, a con-
volutional layer serves as the Refine layer to fuse these fea-
tures [Fo,F1,Fa,...,Fx], resulting in the fused HSI. The
SRLF consists of two parts: a Preliminary Fusion Mod-
ule and a Selective Re-learning Module. The Preliminary
Fusion Module generates a fusion feature, while the Selec-
tive Re-learning Module refines its distorted points based
on spatial-spectral structure.

3.2. Preliminary Fusion Module

Recently, Mamba [14] has been used to replace Trans-
former to capture global information with linear computa-
tional complexity, which can be discretized as:

y = Ku,

_ 1 (D
K = (CB,CAB,CA"'B),

where y is the output, K represents the convolutional ker-
nel, and L is the length of the input sequence. A, B, and
C are parameter matrices, with B and C' varying according
to the input u. In practical computation, the Mamba mod-
ule employs kernel fusion and recomputation to improve the
efficiency of feature sequence scanning and reduce storage
requirements.

To extract feature efficiently, we apply the SS2D block
[16], an improved Mamba structure, as the base module.
It uses a cross-scan method to obtain the global receptive
field. The structure and Effective Receptive Field (ERF)
of the SS2D block are shown in Fig. 3(a). The figure illus-
trates that a single SS2D block primarily focuses on a cross-
shaped region, indicating that the module captures sequen-
tial information near the current position. The pixels outside
the cross shape have less impact on the central point because
they are farther away from it during the four traversal pro-
cesses. This is because each scanning path follows Eq. 1,
and the weights decay as the distance increases. Although
the SS2D block can capture global information, its percep-
tion capability is limited, primarily focusing on the pixels
that are closer along the scanning path. Owing to the prin-
ciple of SSM, the weights corresponding to each pixel are
not as independent as they are in the convolutional kernel.
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Figure 2. The overview of the proposed SRLF-Net. The Embedding layer and the Refine layer are both individual convolutional layers.
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(c) Multi-Scale Cascaded Structure and Effective Receptive Field

Figure 3. Different structures of Preliminary Fusion Modules and Effective Receptive Fields. (a) Due to the limitations of the SSM
principle, the global perception capability of a single SS2D block is limited. (b) The ERF of the cascade structure has slightly improved,
but not significantly. (c) The ERF of the multi-scale cascaded structure has significantly improved, resulting in a stronger global perception

capability.

Even after training, the ERF still exhibits a cross-shaped
pattern. Figure 3(b) shows the structure of simply stacking
three SS2D blocks and their corresponding ERF. The high-
lighted areas of the ERF are still concentrated on a few pix-
els, which is insufficient for broader global perception. To
enhance the global perception capability of the Preliminary
Fusion Module, we adopt a multi-scale structure, which has
a significantly larger highlighted central region in its ERF,
as shown in Fig. 3(c). Denote the input of this module as
F;,,, then the process of the Preliminary Fusion Module can
be expressed as:

T, = SS2D(Fy),

T¢ = Down(Ty),
T, = SS2D(TY), 2)
T, = PS(Ty),

Fout = SSQD(Concat(Tzl, 1)),

where SS2D(-) is the function of the SS2D block, and
Concat(-) represents the concatenation operation along the
channel dimension. Down(-)represents the downsampling

operation implemented by convolution, and PS(-) is the
PixelShuffle (PS) operation, which is an upsampling tech-
nique. 77 and T, are the outputs of the first two SS2D
blocks, respectively. Tf is the outcome of the downsam-
pling opearation, and T, is the outcome of the PS operation.
F,,: is the fusion result of two scale features.

3.3. Selective Re-learning Module

As shown in Fig. 2, the Selective Re-learning Module con-
sists of a Spatial Re-learning (Spa-RL) block, a Spectral Re-
learning (Spe-RL) block, and a Re-fusion (RF) block. Spa-
RL block and Spe-RL block utilize the same Spectral Trans-
former structure, refining spatially and spectrally distorted
feature points, respectively. The RF block is an SS2D block
that aims to integrate the results of spatial and spectral re-
learning. The input to the Selective Re-learning Module is a
fused feature, where the representation of spatially smooth
regions is accurate, with only a few points exhibiting signif-
icant distortion. Therefore, we propose a Spatial-Spectral
Structure-Guided Selective Re-learning Mechanism (SSG-

11.67G per fine-tuning, multiplied by the number of fine-tunings.
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Figure 4. The process of the Spatial Re-learning (Spa-RL) block and Spectral Re-learning (Spe-RL) block. The Spa-RL block and the
Spe-RL block incorporate the SSG-SRL, enabling targeted re-learning of spatial-spectral distorted feature points for reconstruction.

Table 1. Quantitative indexes of the test methods on the CAVE dataset and the Harvard dataset. The best result is marked in bold font.

Method FLOPS Params(M) CAVE Harvard
PSNR SAM UIQI SSIM PSNR SAM UIQI SSIM
Hysure [36] / / 42.9303 8.1108  0.9321 0.9814 | 45.2041 3.6180  0.8689  0.9807
NSSR [11] / / 46.6246 3.2505 0.9563 0.9910 47.1459 2.9396 0.8899 0.9843
DAEM [17] 417.5G! 0.02 41.5822 4.1965 0.9283 0.9796 43.3745 4.3586 0.8467 0.9728
FusionMamba [33] 129.62G 2.58 46.8107 2.6511 0.9710 0.9937 47.6266 2.7612 0.8939 0.9851
DHIF-Net [20] 3.616T 22.6695 47.8613 2.3849 0.9732 0.9948 47.7735 2.6987 0.8953 0.9855
DSPNet [37] 422.189G 6.0551 47.5665 2.5881 0.9722 0.9941 47.5973 2.7785 0.8938 0.9851
MIMO-SST [13] 98.1653G 4.983 48.3609 2.5834 0.9706 0.9944 47.6915 2.7804 0.8941 0.9852
Mog-DCN [12] 4.390T 7.071 48.5910 2.2541 0.9748 0.9953 47.8910 2.6964 0.8961 0.9855
LRTN [30] 132.586G 3.535 47.7819 2.4387 0.9675 0.9939 47.7088 2.7330 0.8938 0.9855
Ours 81.22G 1.33 49.3881 2.1816 0.9752 0.9954 47.8954 2.6876 0.8956 0.9856
SRL) in the Spa-RL block and Spe-RL block.
!
Specifically, the output of the Preliminary Fusion Mod- Mg, = Sortp(Flatten(Mspa)),
ule is denoted as Z'. We then use the Structural Similarity Vyr, Vy = Select(Y',Y; M;pa? r),
Index (SSIM) to evaluate the quality of each feature point o)

in terms of spatial structure. However, directly comparing
Z' with the Ground Truth (GT) Z is unfeasible. To address
this, we acquire the pseudo-MSI Y using the spectral re-
sponse function of the observation model as:

Y' = RZ, 3)

where R represents the spectral response function, which
is assumed to be known. Next, we calculate the SSIM map
Mo between Y and Y to assess the spatial quality of each
feature point:

Mpq = SSIM(Y,Y"). @)

We then select a few low-scoring feature points for re-
learning as:

V = RLSPQ(VY/ + Vy),
Zie =V +Y' 1Y,

spa

where Sort,(-) represents sorting in ascending order, and
Flatten(-) indicates unfolding along the spatial dimen-
sion. Select(-) selecting feature points based on M, and
RLgp,a(-) denotes the re-learning block for spatial refine-
ment. M, ;pa is the sorted SSIM map. V4 and Vy are spa-
tially distorted feature points in Y’ and Y, respectively. V
represents the refined result of these distorted feature points,
and Z ;pa is the output of the Spa-RL block. 7 is the pro-
portion of spatially distorted feature points, which is deter-

mined based on the average SSIM score as:

r= )‘(1 - AUQ(MSPG)), (6)
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Figure 5. The pseudo-color images and spectral angle error maps of reconstructed jelly_beans_ms (a test image of the CAVE dataset) by

different methods.
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Figure 6. The pseudo-color images spectral angle error maps of reconstructed imgf7 (a test image of the Harvard dataset) by different

methods.

where A is a hyperparameter that adjusts the proportion of
feature points identified as distorted. Avg(-) denotes the av-
erage operation. A high Avg(Ms),) indicates a more accu-
rate feature representation, which means that fewer feature
points need to be re-learned. Conversely, a low Avg(Ms,,,)
suggests that more feature points need to re-learning.
Similarly, we degrade the result of spatial re-learning,

Z{pq» into pseudo-LRHST X' as:
X'=(ZypaxC) L, (N

where C'is the Gaussian blur kernel. * and | denote convo-
lution and spatial downsampling operations. We then eval-
uate the spectral quality of each feature point via SAM map
Mpe as:

Mspe = SAM (X', X). ®)

We then select the feature points with high SAM scores,
at a ratio of r, as those exhibiting spectral distortion. We
then refine these feature points as:

M, = Sort,(Flatten(Msp.)),
Ux:,Ux = Select(X', X; Mg, ), ©
U= RLspe(UX/ + Ux),

zZ . =U+X+X,

spe

where Sort, represents sorting in descending order.
RLgp(-) denotes the re-learning block for spectral refine-
ment, sharing the same structure as RLgpa(-). M, is the
sorted SAM map. Ux and Ux are the spectrally distorted
feature points in X’ and X, respectively. U represents the
refined result of these distorted feature points. Z,, is the
output of the Spe-RL block. Finally, the RF block fuses
Z¢pe and Z,, to produce the output of the entire Selective

Re-learning Module.
3.4. FLOPs Analysis of SSG-SRL

The spectral response and spatial response can be consid-
ered as downsampling in the network, which is common.
Therefore, we ignore this part and only account for the
FLOPs caused by SSIM and SAM computations as:

FLOPsggiy = C1(5k* + 10) HW,

HW HW (10)

FLOPsgay =6 ) + 2C5

s 52’

where s represents the downsampling factor of the spatial
response, and k denotes the size of the Gaussian blur kernel.
C and C; are the number of spectral channels for MSI and
HSI, respectively. H and W denote the spatial height and
width of the input MSI. In our experiments, H = W = 512,
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