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ABSTRACT

Fusing a low-resolution hyperspectral image (LR-HSI) with
a high-resolution multispectral image (HR-MSI) is an ef-
fective approach to hyperspectral image super-resolution
(HSI-SR), as the two observations carry complementary spa-
tial and spectral information. However, existing methods
often fail to explicitly distinguish the information shared by
the two modalities and source-specific, limiting their ability
to exploit both observations fully. To this end, we propose a
Similarity-Guided Homogeneous-Heterogeneous Fusion Net-
work (SHHF). SHHF first encodes the LR-HSI and HR-MSI
with separate feature extractors, and then maps the resulting
features into homogeneous and heterogeneous representa-
tions using weight-sharing and modality-specific encoders,
respectively. Two projection-based contrastive objectives
are designed to train these representations: a cross-modal
InfoNCE loss with a shared projection head aligns the homo-
geneous representations, while a subspace decorrelation loss
keeps the heterogeneous representations source-specific. The
four representations are subsequently concatenated and fed
into a decoder to reconstruct the high-resolution hyperspec-
tral image. Experimental results on the Washington DC Mall
dataset demonstrate that SHHF outperforms advanced HSI-
SR methods in both quantitative metrics and visual quality.

Index Terms— Hyperspectral image, Super-resolution,
Contrastive learning, Deep learning.

1. INTRODUCTION

Hyperspectral images (HSIs) are three-dimensional data
cubes comprising numerous contiguous spectral bands that
capture both spatial and spectral information [1, 2]. Owing to
their rich spectral information, HSIs have been widely used in
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various applications [3], including classification [4], change
detection [5, 6] and anomaly detection [7].

However, acquiring high-spatial-resolution HSIs (HR-
HSIs) remains challenging because of the physical constraints
of hyperspectral imaging systems [8]. The resulting limita-
tions in spatial resolution hinder the characterization of fine
spatial details and restrict the applicability of HSIs. These
challenges motivate the development of hyperspectral image
super-resolution (HSI-SR) methods. Compared with HSIs,
multispectral images (MSIs) generally offer higher spatial
resolution but lower spectral resolution. Fusing a low-spatial-
resolution HSI (LR-HSI) with a high-spatial-resolution MSI
(HR-MSI) therefore provides a practical approach to recon-
structing an HR-HSI by exploiting their complementary spa-
tial and spectral information. Existing fusion-based HSI-SR
methods can be broadly categorized into deep learning-based
and non-deep-learning approaches.

Non-deep-learning methods commonly formulate HSI-
MSI fusion as an inverse problem regularized by explicit
structural priors, with matrix and tensor factorization repre-
senting two major approaches. Matrix factorization typically
expresses the target HR-HSI as the product of a spectral basis
and spatial coefficients. Berné et al. [9] employed nonnega-
tive matrix factorization (NMF) for hyperspectral data fusion,
while Yokoya et al. [10] developed coupled NMF to integrate
the complementary information in HSIs and MSIs through
spectral unmixing. Tensor factorization methods retain the
multidimensional structure of hyperspectral data, allowing
spatial and spectral dependencies to be modeled jointly. For
example, Kanatsoulis et al. [11] formulated hyperspectral
super-resolution using coupled canonical polyadic decompo-
sition. Although these approaches offer interpretable recon-
struction frameworks, their reliance on prescribed factoriza-
tion models and handcrafted priors can limit their flexibility
in representing complex spatial-spectral relationships.

Deep learning-based methods learn spatial-spectral rep-
resentations through neural networks and can be broadly



Fig. 1. The structure and details of the proposed SHHF.

categorized into supervised and unsupervised approaches.
Palsson et al. [12] employed a three-dimensional convolu-
tional neural network to extract joint spatial-spectral features.
To capture global contextual information, Hu et al. [13]
introduced Fusformer, which uses self-attention to model
long-range dependencies. Xu et al. [14] introduced Graph-
attention into coupled unmixing networks to facilitate infor-
mation exchange between the two modalities. To account
for the degradation process, Jia et al. [15] combined convo-
lutional feature extraction with Transformer-based modeling
in a multiscale spatial-spectral fusion network, integrating
local information with global context. Despite their strong
representation capabilities, supervised methods depend on
paired training data with reference HR-HSIs, which are diffi-
cult to acquire in practical imaging scenarios. Liu et al. [16]
combined degradation estimation with a model-inspired au-
toencoder for unsupervised HR-HSI reconstruction. Xu et
al. [17] proposed a two-stream self-attention network based
on different input data to achieve HSI-SR. Their later model-
informed multistage framework further explored the inte-
gration of observation models and staged reconstruction [3],
while their enhanced deep image prior approach investigated
architectural priors for unsupervised hyperspectral super-
resolution [18].

Although existing methods have achieved promising HSI-
SR performance, modeling dependencies between the LR-
HSI and HR-MSI does not necessarily ensure that their shared
and source-specific information is explicitly distinguished
and appropriately processed. This distinction motivates a fu-
sion strategy that accounts for the different characteristics of
homogeneous and heterogeneous features. Accordingly, we
propose a Similarity-Guided Homogeneous–Heterogeneous
Fusion Network (SHHF) for HSI-SR. SHHF first extracts
latent representations from the LR-HSI and HR-MSI using
separate feature extractors. It then maps the primary features
into homogeneous representations (a shared encoder) and
heterogeneous representations (modality-specific encoders),
and trains them with two projection-based contrastive ob-
jectives: a cross-modal InfoNCE loss that aligns the shared
information, and a subspace decorrelation loss that preserves
the source-specific information.

2. METHODOLOGY

The proposed Similarity-Guided Homogeneous-Heterogeneous
Fusion Network (SHHF) consists of three stages. First, two
different encoders extract primary features from the HR-
MSI and LR-HSI. Second, the primary features are mapped
into two homogeneous and two heterogeneous representa-
tions, which are learned by two projection-based contrastive
objectives: a cross-modal InfoNCE loss that aligns the homo-
geneous representations, and a subspace decorrelation loss
that keeps the heterogeneous representations source-specific.
Finally, the four representations are integrated to reconstruct
the target HR-HSI. The overall architecture of SHHF is illus-
trated in Fig. 1.

2.1. Primary Feature Extraction

Let X ∈ RH×W×c and Y ∈ Rh×w×C denote the observed
HR-MSI and LR-HSI, respectively, where H and W are the
spatial dimensions of the HR-MSI, h and w are those of the
LR-HSI, and c and C denote their respective numbers of spec-
tral bands. Generally, H > h, W > w, and C > c. The
objective is to reconstruct an HR-HSI Z ∈ RH×W×C .

Because the two observations have different spatial reso-
lutions, the LR-HSI is first upsampled and then encoded to-
gether with the HR-MSI:

FX = EX(X),

FY = EY (Y ↑),
(1)

where ↑ denotes the spatial upsampling operator, and the up-
sampled LR-HSI Y ↑∈ RH×W×C has the same spatial reso-
lution as X. Moreover, EX(·) and EY (·) are the MSI and HSI
encoders, respectively. The resulting feature maps FX ,FY ∈
RH×W×d have the same spatial dimensions and number of
channels, where d denotes the feature dimension.

2.2. Homogeneous and Heterogeneous Representations

The primary feature maps FX and FY contain both consistent
information shared by the two modalities and distinctive in-
formation caused by their different spatial and spectral char-
acteristics. To separate these two types of information, the
primary features are mapped into homogeneous and hetero-
geneous representations. The homogeneous representations
are produced with a single weight-sharing encoder:

HX = Eh(FX),

HY = Eh(FY ),
(2)

where Eh(·) is a weight-sharing homogeneous encoder, and
HX ,HY ∈ RH×W×dr are the homogeneous representations
of the HR-MSI and LR-HSI, respectively, with dr the repre-
sentation dimension.



In contrast, two modality-specific encoders produce the
heterogeneous representations:

DX = Ed
X(FX),

DY = Ed
Y (FY ),

(3)

where Ed
X(·) and Ed

Y (·) are independent heterogeneous en-
coders without parameter sharing, and DX ,DY ∈ RH×W×dr

retain the source-specific spatial and spectral characteristics
of the HR-MSI and LR-HSI, respectively.

2.3. Dual Representation Learning

The two types of representations are trained by two distinct
contrastive objectives, each computed through a dedicated
projection head. The projection heads are used only during
training to compute the losses; the fusion stage operates on
the original representations H and D.

Homogeneous contrastive alignment. To align the shared
information, HX and HY are divided into N non-overlapping
patches at the same spatial locations, where N = HW/b2 and
b denotes the patch size. Each patch embedding is mapped by
a shared projection head Φhom(·), into a lower-dimensional
space:

uX
i = Norm (Φhom (vec (Pi(HX)))) ,

uY
i = Norm (Φhom (vec (Pi(HY )))) ,

(4)

where Pi(·) extracts the ith spatial patch, vec(·) denotes vec-
torization, Norm(·) performs ℓ2 normalization, and uX

i ,uY
i ∈

Rdp . The homogeneous loss is a symmetric cross-modal In-
foNCE that pulls the corresponding patch pair together and
pushes the non-corresponding pairs apart:

Lhom = − 1

2N

N∑︂
i=1

[log
e⟨u

X
i ,uY

i ⟩/τ∑︁N
j=1 e

⟨uX
i ,uY

j ⟩/τ

+ log
e⟨u

Y
i ,uX

i ⟩/τ∑︁N
j=1 e

⟨uY
i ,uX

j ⟩/τ ], (5)

where ⟨·, ·⟩ denotes the inner product and τ > 0 is a fixed
temperature.

Heterogeneous subspace decorrelation. To ensure that the
heterogeneous branch encodes only the source-specific infor-
mation not captured by the homogeneous branch, a shared
projection head Φhet(·) (a two-layer MLP) maps both H and
D position-wise into a common dp-dimensional space. Let
H̄X , H̄Y ∈ Rdp×HW and D̄X , D̄Y ∈ Rdp×HW be the flat-
tened projections of HX ,HY ,DX ,DY , respectively. The
heterogeneous loss pushes the shared and private subspaces
to be orthogonal within each modality:

Lhet =
⃦⃦
H̄XD̄⊤

X

⃦⃦2
F
+
⃦⃦
H̄Y D̄

⊤
Y

⃦⃦2
F
, (6)

where ∥ · ∥F denotes the Frobenius norm. Minimizing Lhet

drives D to discard whatever is predictable from H, thereby

preserving only the distinctive information of each modal-
ity. To prevent the trivial solution in which the heterogeneous
branch collapses to zero, the columns of H̄ and D̄ are ℓ2-
normalized before computing the Gram matrices.

2.4. Representation Fusion

These four tensors are concatenated along the channel dimen-
sion:

Fcat = Cat [HX ,HY ,DX ,DY ] , (7)

where Cat[·] denotes channel-wise concatenation. The con-
catenated feature tensor Fcat ∈ RH×W×4dr contains the ho-
mogeneous and heterogeneous information learned from both
input modalities.

Finally, the target HR-HSI is reconstructed as

Z = Drec (Fcat) , (8)

where Drec(·) denotes the reconstruction decoder and Z ∈
RH×W×C is the reconstructed HR-HSI.

2.5. Loss Function

To preserve consistency between the reconstructed image and
the two observations, Z is projected into the LR-HSI and HR-
MSI domains: ˜︁Y = Ds (Z) ,˜︁X = Dλ (Z) ,

(9)

where Ds(·) denotes spatial degradation through point spread
function filtering and downsampling, while Dλ(·) denotes
spectral degradation according to the spectral response func-
tion. The degraded images ˜︁Y ∈ Rh×w×C and ˜︁X ∈ RH×W×c

have the same dimensions as Y and X, respectively.
The observation consistency loss is defined as

Lobs =
⃦⃦⃦
Y − ˜︁Y⃦⃦⃦2

F
+
⃦⃦⃦
X− ˜︁X⃦⃦⃦2

F
, (10)

where ∥ · ∥F denotes the Frobenius norm and Lobs ∈ R mea-
sures the spatial and spectral consistency of the reconstructed
HR-HSI.

The complete objective function is formulated as

L = Lobs + α1Lhom + α2Lhet, (11)

where L is the total training loss, and α1 and α2 are two
hyperparameters controlling the contributions of the homo-
geneous alignment loss and the heterogeneous decorrelation
loss, respectively.

3. EXPERIMENTAL RESULTS AND ANALYSIS

In this section, we validate the performance of the proposed
method with Washington DC Mall dataset. We perform a sim-
ulation experiment by intercepting a 200×200×191 subgraph



Table 1. Performance of different HSI-SR methods. The best
one is shown in bold.

Methods PSNR ↑ SAM ↓ ERGAS ↓

CNMF 34.1646 2.4640 2.0397

GSA 34.4956 2.6856 2.5449

NonRegSRNet 36.1375 4.6195 2.1254

UDALN 36.9354 1.3492 1.9997

EU2ADL 37.9119 1.2145 1.9953

SHHF 38.339138.339138.3391 0.99850.99850.9985 1.57461.57461.5746

from the original dataset to obtain the input data. The HR-
MSI data contains 8 bands and the frame contains 200× 200
pixels, and the LR-HSI data contains 191 bands and the frame
contains 25 × 25 pixels. Our network is implemented in the
PyTorch framework using the Adam optimizer. The number
of training times is set to 10000 and the learning rate starts at
0.003 and gradually decreases to 0.

We selected five representative HSI super-resolution
methods as baselines, including CNMF [10], GSA [19], Non-
RegSRNet [20], UDALN [21], and EU2ADL [22]. Among
them, CNMF and GSA are conventional non-deep-learning
methods, whereas NonRegSRNet, UDALN, and EU2ADL
are deep-learning-based approaches.

The reconstruction performance of these methods was
evaluated quantitatively and visually. For quantitative eval-
uation, we adopted three widely used metrics: peak signal-
to-noise ratio (PSNR), spectral angle mapper (SAM), and
erreur relative globale adimensionnelle de synthèse (ER-
GAS). PSNR evaluates spatial reconstruction fidelity, SAM
measures spectral distortion, and ERGAS reflects the overall
reconstruction error across spectral bands. As reported in
Table 1, SHHF achieves the best performance for all three
metrics, while UDALN and EU2ADL provide the most com-
petitive results among the compared methods.

Fig. 2 presents the visual comparison, including RGB
composites and three types of error maps: SAM maps, MRAE
maps, and residual maps of the 40th spectral band. Although
all methods generate visually plausible RGB images, their
reconstruction differences become more apparent in the er-
ror maps, where darker regions indicate larger errors. The
deep-learning-based methods generally produce lower recon-
struction errors than the conventional methods. Among all
the compared approaches, SHHF yields the smallest spatial
and spectral errors, which is consistent with the quantitative
results in Table 1.
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Fig. 2. Visual comparisons of different methods on the Wash-
ington DC Mall dataset. The first row shows the RGB images
of Hr-HSI reconstructed by different methods (R:55, G:25
and B:15). The second line is the heatmap of the SAM. The
third line is the heatmap of MRAE. The fourth line is the
residual heatmap at band 40.

4. CONCLUSION

In this paper, we propose a Similarity-Guided Homogeneous-
Heterogeneous Fusion Network (SHHF) for fusing an LR-
HSI and an HR-MSI to reconstruct an HR-HSI. SHHF em-
ploys two projection-based contrastive objectives to learn the
two types of representations: a cross-modal InfoNCE loss
with a shared projection head aligns the homogeneous in-
formation, and a subspace decorrelation loss keeps the het-
erogeneous representations source-specific. Future work will
investigate hard-negative mining for the InfoNCE objective,
learnable projection heads, and more efficient representation
learning to further improve the generalization capability of
the proposed method.
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