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RAMSF: A Novel Generic Framework for
Optical Remote Sensing Multimodal

Spatial–Spectral Fusion
Chuang Liu , Zhiqi Zhang , Member, IEEE, and Mi Wang , Member, IEEE

Abstract— Optical remote sensing (ORS) multimodal
spatial–spectral fusion (MSF) aims to obtain high-resolution
images containing fine-grained spatial details and high-fidelity
spectral information, which are crucial for downstream tasks and
real-world applications. Existing methods can yield promising
outcomes in specific fusion scenarios. However, due to the coarse
representation of spatial details and the imprecise alignment
of spatial–spectral features, the majority of methods encounter
difficulties in balancing spatial and spectral preservation.
This imbalance tends to cause distortion in the fused image,
rendering these task-specific methods less adaptable and more
challenging to apply simultaneously to different ORS-MSF tasks.
To address this gap, this article introduces a generic framework
that focuses on generalization and practical applicability,
rather than solely optimizing the performance of models in a
specific fusion task. By conducting a comprehensive analysis of
theoretical models and network architectures, we systematically
decompose the fusion process into two distinct phases, namely,
detail reconstruction and feature alignment. Consequently, the
proposed framework consists of two fundamental components:
low-frequency-driven high-frequency salient detail reconstruction
(LHSDR) and coordinate-modal-guided spatial–spectral feature
progressive alignment (CSFPA). In LHSDR, the joint spatial
degradation process in various frequency directions from
diverse modal data is estimated and salient details are derived
in a hierarchical integration, with low frequencies driving
high ones. These coupled high-frequency details could lay
the foundation for subsequent implementation of high-fidelity
fusion. Furthermore, CSFPA estimates the joint spectral
degradation process by establishing coordinate-mode relations
between coupled high-frequency details and corresponding
spectral information in the continuous domain. As a result,
high spatial–spectral fidelity fused images are obtained through
fine detail reconstruction and accurate feature alignment. Ten
datasets derived from three different ORS-MSF tasks are
utilized for an experiment, comprising eight simulated and
five real test sets. Our proposed methodology demonstrates
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robust fusion performance and generalization capability on
data with different spectral bands at various resolutions. All
implementations will be published on our website.

Index Terms— Hyperspectral image (HSI), image fusion, mul-
timodal data, multispectral image (MSI), panchromatic image
(PANI), remote sensing.

I. INTRODUCTION

HIGH-RESOLUTION optical remote sensing (ORS)
images are extensively used in downstream tasks such

as land classification [1], environmental monitoring [2], and
disaster warning [3]. Due to limitations in physical conditions
and hardware budget, the spatial resolution and spectral reso-
lution are mutually constrained. A single satellite sensor can
only acquire high-spatial-resolution (HR) images with sparse
spectral information or low-spatial-resolution (LR) images
with abundant spectral information. These limitations hin-
der the real-world applications of ORS images. Fortunately,
ORS multimodal spatial–spectral fusion (MSF) offers a potent
remedy for these limitations [4]. The objective of ORS-MSF
is to combine these two types of images into images with
fine-grained spatial texture and plentiful spectral information.
The typical ORS images include panchromatic image (PANI),
multispectral image (MSI), and hyperspectral image (HSI),
each of which exhibits distinct characteristics. Among them,
PANIs possess HR but lack spectral information, MSIs possess
several spectral bands with mid-spatial resolution, and HSIs
possess dozens or hundreds of spectral bands with spatial
resolution being further reduced. For the successful execution
of downstream tasks, it is essential to investigate how to
integrate the advantageous information from these diverse
modal data. To achieve this objective, we concentrate on three
distinct types of ORS-MSF tasks, namely, MSI pan sharpening
(MSIP), HSI pan sharpening (HSIP), and MSI and HSI fusion
(MHIF). As depicted in Fig. 1(a), MSIP and HSIP aim to
combine the PANI with the LR MSI/HSI to obtain the HR
MSI/HSI, whereas MHIF aims to combine the MSI with the
LRHSI to obtain the HRHSI.

The key to ORS-MSF is to simultaneously preserve
sufficient spatial information and corresponding spectral infor-
mation. However, the significant disparities between diverse
modal ORS images render it challenging to balance spatial and
spectral preservation. As a consequence, this imbalance results
in spatial or spectral distortions in the fused images, rendering

1558-0644 © 2025 IEEE. All rights reserved, including rights for text and data mining, and training of artificial intelligence
and similar technologies. Personal use is permitted, but republication/redistribution requires IEEE permission.

See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: Hubei University of Technology. Downloaded on April 12,2025 at 01:23:52 UTC from IEEE Xplore.  Restrictions apply. 

https://orcid.org/0009-0001-8246-3417
https://orcid.org/0000-0003-1914-9430
https://orcid.org/0000-0003-2799-5987


5617722 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 63, 2025

Fig. 1. Schematic illustrates the differences between the proposed RAMSF and the existing MSIP, HSIP, and MHIF algorithms. (a) Schematic of different
ORS-MSF tasks. (b) Design principles of mainstream ORS-MSF methods. (c) Comparison with state of the art (SOTA) methods in different ORS-MSF tasks.

task-specific methods less adaptable and more challenging to
apply to different ORS-MSF tasks. For most traditional ORS-
MSF methods [5], [6], [7], [8], [9], [10], [11], [12], linear
transformation is used to extract features, which possesses
the advantages of high efficiency and low device dependence.
However, they execute fusion in either the spatial or the
spectral domains, ignoring information in the other, result-
ing in distortion in the fusion outcomes. Due to the rapid
development of hardware devices, deep learning (DL) has
been extensively studied in recent years. The existing DL-
based ORS-MSF techniques can be broadly summed up into
three distinct phases, namely, image preprocessing, feature
extraction, and feature fusion [13], [15], [20]. As shown
in Fig. 1(b), with respect to the spatial information repre-
sentation employed in the image preprocessing phase, the
DL-based ORS-MSF techniques encompass difference-based
methods [13], [14], [15], image dimension concatenation-
based methods [16], [17], [18], [19], and feature dimension
concatenation-based methods [20], [21], [22], [23]. During
image preprocessing, the majority of DL methods employ
coarse spatial information representation to establish spatial
information within diverse modal data. In particular, many
DL-based fusion frameworks, such as detail-preserving con-
ditional invertible network (DCINN) [15] and 3D-CNN and
transformer prior network (3DT-Net) [24], focus on employing
novel technologies to optimize modules designed in the extrac-
tion and fusion phases, thereby improving the preservation
and integration capabilities of advantageous details. However,
perfection remains elusive. Reconstructing HR ORS images
in different ORS-MSF tasks remains a challenging endeavor,
owing to two factors.

1) In terms of theoretical models, most DL methods [24],
[25], [26] are based on the idea of degradation models,
which iteratively optimize spatial and spectral degra-
dation models by two parallel branches to seek exact

solutions. However, ORS images of diverse modalities
exhibit complementarity in both spatial and spectral
dimensions. This implies that solving a degradation
model constructed from a single known ORS image is
not capable of retrieving the precise spatial or spectral
characteristics of the desired image. Furthermore, exist-
ing theoretical models ignore the fact that spatial details
and spectral distribution can be mutually reinforced
during the fusion process. These render task-specific
methods are struggling to be applied to MSIP, HSIP,
and MHIF tasks simultaneously.

2) In terms of implementing the network architecture,
it can be divided into three phases: image prepro-
cessing, feature extraction, and feature fusion. During
the image preprocessing phase, these methods typically
use a single convolutional or linear layer to learn
spatial and spectral degradation models. Due to the
high complexity of real-world degradation, such simple
simulations are inappropriate. In addition, these methods
employ continuous pixelwise operations, such as differ-
ence and concatenation, to establish spatial information
representations among diverse modal images. The pix-
elwise difference operation solely considers the unique
information in one of the images, disregarding the com-
plementary spatial information in the other image. The
pixelwise concatenation operation directly concatenates
diverse modal images in the channel dimension, which
takes into account the complementarity between the
diverse modal images but leads to a large amount of
information redundancy. As a result, the fusion outcomes
are highly dependent on the modules developed dur-
ing the subsequent feature extraction phase, rendering
it challenging to estimate the fine-grained detail rep-
resentation. During the feature fusion stage, existing
methods align spatial–spectral features of diverse modal-
ities at various scales using explicit predefined functions
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that represent pixels as discrete points. However, these
discrete sampling techniques ignore the smooth char-
acteristics of spectral degradation, leading to spatial or
spectral distortion.

To attain high spatial–spectral fidelity fusion while being
capable of adapting to diverse fusion tasks, it is imperative
to contemplate how to exploit the complementary properties
of different modal features in both spatial and spectral dimen-
sions. Fine details can lead to a reasonable spectral distribution
of the fused image, thereby enabling the acquisition of more
appropriate spatial details. To this end, we systematically
decompose the ORS-MSF task into two phases: detail recon-
struction and feature alignment. Detail reconstruction aims to
concentrate on estimating the joint spatial degradation process
of diverse modal data in the spatial dimension, which in
turn reconstructs complementary detail representations. In the
meantime, it is necessary to synthesize unique and comple-
mentary detail information in the reconstruction process while
avoiding a large amount of redundant information. Feature
alignment, on the other hand, emphasizes the estimation of
the joint spectral degradation process of diverse modal data,
exploiting the complementarity in the spectral dimension, with
the goal of maintaining smoothness in the spectral dimension.
By enabling alignment and fusion of reconstructed details and
the corresponding spectral information, high spatial–spectral
fidelity fusion is achieved.

Inspired by the above theoretical analysis, we propose a
novel generic framework, commonly referred to as RAMSF.
Consequently, RAMSF consists of two main phases: low-
frequency-driven high-frequency salient detail reconstruction
(LHSDR) and coordinate-modal-guided spatial–spectral fea-
ture progressive alignment (CSFPA). A robust generalization
capability that can be applied to different ORS-MSF tasks is
displayed by the proposed RAMSF, which achieves a balance
between spatial and spectral preservation during the fusion
process. The following contribution can be drawn.

1) By analyzing the theoretical fusion models and the
network architectures implemented by existing methods,
we decompose for the first time the ORS-MSF task
into two main phases: detail reconstruction and feature
alignment. A generic fusion framework based on the
above concept has been developed, known as RAMSF.
As illustrated in Fig. 1(c), RAMSF achieves the SOTA
performance by comparing it with the most advanced
methods in different fusion tasks. In addition, the param-
eter settings of RAMSF are identical for different tasks,
demonstrating its robust generalization capability and
applicability.

2) To address the issue of coarse spatial information rep-
resentation, we introduce LHSDR. It estimates the joint
spatial degradation process in various frequency direc-
tions from diverse modal data and derives salient details
in a hierarchical integration, with low frequencies driv-
ing high ones. Regardless of the ORS-MSF tasks, it is
crucial to integrate detail representations from diverse
modal data, and these reconstructed details can lay the
foundation for the subsequent high-fidelity fusion.

3) To address the issue of imprecise alignment of
spatial–spectral features, we propose CSFPA. With the
establishment of coordinate-modal relationships among
diverse modal features at various scales in the con-
tinuous domain, CSFPA is able to estimate the joint
spectral degradation process. This rigorous alignment
can maintain smoothness of the spatial–spectral features
and thus is applicable to spectral images with different
spectral bands at various resolutions.

4) Ten datasets captured by ten different sensors from
three different ORS-MSF tasks are used to experiment,
comprising eight simulated and five real test sets. Our
proposed methodology surpasses that of representative
advanced methods while maintaining a high level of
efficiency.

II. RELATED WORKS

A. Traditional ORS-MSF Methods

The traditional ORS-MSF methods can mainly be classified
into three distinct categories, including component replace-
ment (CS), multiresolution analysis (MRA), and variational
optimization (VO). In the CS-based method, the spatial
component of the low-resolution spectral reference images
(LRMSI/LRHSI) is substituted with the spatial reference
image (PANI/MSI). Methods such as the principal component
analysis (PCA) [5], [6], [7], intensity-hue-saturation (IHS) [8],
[9], and adaptive Gram Schmidt (GSA) [10], [11] are included
in this category. The sharpened outcomes of CS can enhance
spatial fidelity; however, they are susceptible to spectral dis-
tortion in certain intricate scenes. The MRA-based method
employs the multiresolution analysis framework to extract
spatial information and inject it into spectral reference images.
The MRA-based techniques possess the capability to preserve
adequate spectral information; however, they are susceptible
to spatial distortion owing to their inadequate extraction of
spatial information. The VO-based methods primarily encom-
pass model-based and sparse-based methods, among which
the most representative methods are coupled nonnegative
matrix factorization (CNMF) [27], Gaussian prior [28], and
Bayesian naive Gaussian prior [29]. These methods possess
limited representation capabilities and heavily rely on a priori
assumptions.

B. DL-Based ORS-MSF Methods

Recently, DLs have garnered significant attention due to
their potent nonlinear fitting capabilities. Inspired by the notion
of the traditional detail injection pipelines, Deng et al. [13]
proposed a fusion network (FusionNet) that directly executes
a pixelwise difference operation on PANI and MSI to represent
spatial detail information. Subsequently, they learn the corre-
sponding detail representations by using a specially designed
deep neural networks (DNN) and finally inject these detail
representations into the original MSI. Prior to the pixelwise
differencing, Chen et al. [14] utilized guided filtering to
enhance the diverse modal images in order to obtain a finer
detail representation. The fusion performance of these two
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difference-based methods depends on the convolutional block
or transformer block designed at the feature extraction stage,
which can be prone to result in the loss of critical information.
For this reason, Wang et al. [15] proposed DCINN, which
utilizes a conditional invertible neural network to preserve the
detail representation after differencing. DCINN can be applied
to both MSIP and MHIF tasks. Diverse modal ORS images
are imaged by different sensors and there are radiometric
differences between them. This implies that an ORS image
of any one modality contains information that is not present
in the ORS images of the other modalities. As a result, the
pixelwise difference operation solely considers the unique
information in PANI or MSI, disregarding the complementary
spatial information in LRMSI or LRHSI. To this end, many
methods employ pixelwise concatenation operation to combine
the two input images in the image dimension to represent the
complementary spatial information that needs to be learned.
Based on this idea, Wang et al. [17] extracted multiscale
features of diverse modalities using cascadic multireceptive
learning (CML) blocks after concatenating PANI and LRMSI
in the channel dimension. Deng et al. [19] utilized transformer
blocks to mine the global dependencies of the concatenated
images. However, the significant disparities between diverse
modal ORS images render image dimension-based concatena-
tion methods challenging to mine fine spatial–spectral features.
To this end, some methods use parallel branches to extract
the diverse modal features, followed by the concatenated
processing in the channel dimension, such as pansharpen-
ing generative adversarial network (PSGAN) [20], multistage
dual-attention network (MDANet) [21], and 3DT-Net [24].
Using this strategy, Chen et al. [30] proposed a spectral-spatial
transformer, which can achieve satisfactory sharpening perfor-
mance. These methods are prone to producing a substantial
quantity of redundant information, particularly for hyperspec-
tral data comprising hundreds of bands. In addition, these
methods only perform well on single datasets. It is imperative
to enhance the generalization capabilities, as the lack of accu-
racy may have far-reaching effects on downstream tasks. Chen
et al. [31], [32] proposed recurrent pansharpening network
with arbitrary numbers of bands (ArbRPN), which is capable
of reconstructing HRMSI for an arbitrary number of bands,
thereby greatly improving the generalization capability of the
model with respect to the number of bands. In addition, some
methods focus specifically on the extraction of high-frequency
details from PANI, such as high- and low-frequency fusion
networks (HLFNet) [33] and Hyper-deep-shallow fusion net-
work (DSNet) [34]. Seo et al. [35] proposed an unsupervised
fusion framework that integrates registration and fusion during
training and retains more detailed information through two
designed loss functions.

C. Implicit Neural Representation
ORS images, such as MSI and HSI, are obtained through

continuous imaging across a certain spectral range, whose
spectral information is continuous. However, existing methods
align spatial–spectral features of diverse modalities at various
scales using explicit predefined functions that represent pixels
as discrete points. These discrete sampling techniques ignore
the smooth characteristics of spectral degradation and also

disrupt the continuity of the spectral bands, resulting in spatial
or spectral distortion. Therefore, implicit neural represen-
tation (INR) emerged, which is capable of parameterizing
the signal into a continuous function representation through
neural networks. With this property, INR has applications in
several low-level vision tasks, such as hyperspectral recon-
struction [36], [37] and 3-D reconstruction [38], [39], [40],
[41]. Chen et al. [42] proposed spectral-wise attention based
on INR, which is also capable of realizing accurate hyper-
spectral reconstruction. For the MHIF task, Zhu et al. [43]
proposed generative adversarial network with quadtree implicit
sampling (QIS-GAN), which utilizes the concept of quadtree
to reformulate the INR. QIS-GAN achieves satisfactory fusion
quality by concatenating the MSI and the LRHSI and then
mining the potential spatial–spectral features using the INR.
However, INR necessitates the computation of pixel values for
all dimensions of diverse modal features, thereby undoubtedly
elevating the computational complexity of the model.

III. METHODOLOGY

A. Problem Formulation and Overview

For ease of understanding, we use italicized Latin letters
for scalars, e.g., H or b, handwritten letters for tensors, e.g.,
Y or y, and bold letters for matrices, e.g., Y. In particular,
we denote the input spatial reference image as Y ∈ RH×W×b,
e.g., the PANI in two pan-sharpening tasks or MSI in the
MHIF task; the input spectral reference image as Z ∈

Rh×w×B , e.g., the LRMSI or LRHSI; the upsampled spectral
reference image as Ẑ ∈ RH×W×B ; and the output HRMSI
or HRHSI as X ∈ RH×W×B . Y possesses a high spatial
resolution with height and width H and W , respectively, but
has a low number of spectral bands b. Z possesses a high
spectral resolution B, but its spatial resolution is low with
height and width h and w, respectively. In ORS-MSF tasks,
the ratio between the spatial resolution of Y and Z is constant
r , i.e., H = rh and W = rw. The goal of the ORS-MSF is
to obtain the X with sufficient spatial information and corre-
sponding spectral information by combining the advantageous
information from Y and Z .

It is evident that the information contained in the input
image pairs (Y and Z ) is significantly smaller than the desired
image (X ). For instance, if Y is a PANI with a spatial
scale of 200 × 200 and Z is an eight-band LRMSI with
eight bands with a size of 50 × 50 × 8, the total size of
the input image pairs is 60 000 pixels, whereas the desired
image (200 × 200 × 8) size is 320 000 pixels. Therefore,
ORS-MSF can be considered as an ill-posed problem with an
infinite number of solutions. For an accurate solution space,
the spatial degradation process or spectral degradation process
is estimated using a single input image and then solved for the
inverse process to reconstruct the fusion result [16], [24], [25],
[26]. Specifically, they construct a spectral degradation model
between Y and X and spatial degradation model between Z

and X based on the following physical observation models:

Y = XR, Z = PX (1)

where Y ∈ RH W×b, Z ∈ Rhw×B , and X ∈RH W×B are
the matrix forms after Y , Z , and X reshaping, respectively.
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Fig. 2. Overall framework of the proposed RAMSF, which comprises two fundamental components: 1) LHSDR and 2) CSFPA.

Besides, R ∈ RB×b and P ∈ Rhw×H W are the spectral
response matrix modeling the spectral response function (SRF)
and the spatial downsampling matrix modeling the point
spread function (PSF), respectively. The above observation
model suggests that X is typically obtained by resolving the
following energy function:

X = arg min
X

∥Y − XR∥ + ∥Z − PX∥ + 0 (X) . (2)

The initial two terms refer to the spectral and spatial fidelity
terms, while the third term refers to the regularization term.

These studies seek an exact solution by iteratively optimiz-
ing through two parallel branches. The spatial reference image
Y and the spectral reference image Z possess complementary
information both spatially and spectrally. This means that
solving a degradation model constructed from a single known
reference image is not capable of retrieving the precise spatial
or spectral characteristics of the desired image X. Furthermore,
spatial details and spectral distribution are mutually reinforcing
in the fusion process. Fine details can lead to a reasonable
spectral distribution of the fused image, thereby enabling
the acquisition of more appropriate spatial details. In view
of the above factors, it is imperative that the advantageous
information of Y and Z should be fully considered when
optimizing either spatial or spectral term. As a result, a new
model is quantified as follows:{

Z = P1X, Y = P2X
Y = XR1, Z = XR2.

(3)

The spatial downsampling matrices P1 ∈ Rhw×H W and
P2 ∈ RH W×H W both consist of a spatial blurring matrix
associated with the PSF and a downsampling matrix, wherein
P1 exhibits the identical shape as P and P2’s downsampling
matrix contains all elements of one. R1 and R2 are spectral
response matrices associated with the SRF. Correspondingly,
the energy function in (2) can be remodeled as follows:

X = arg min
X

1
2

(∥Z − P1X∥ + ∥Y − P2X∥)

+
1
2

(∥Y − XR1∥ + ∥Z − XR2∥) + 0 (X) . (4)

The first two items aim at obtaining complementary spatial
details in diverse modal images, while the third and fourth
items aim at obtaining spectral information corresponding to
the spatial details. To this end, the above energy function can
be further decomposed into two subproblems

D = arg min
D

1
2

(∥Z − P1D∥ + ∥Y − P2D∥) + 01 (D) (5)

X = arg min
X

1
2

(∥D − XR1∥ + ∥Z − XR2∥) + 02 (X) (6)

where D = ∇X represents the spatial details in X. Based on
the above theoretical analysis, we decompose ORS-MSF into
two distinct phases, namely, detail reconstruction and feature
alignment. This decomposition aims to solve (5) and (6).

Based on the above theoretical model, we propose a generic
fusion framework for different ORS-MSF tasks, known as
RAMSF. The proposed RAMSF consists of two fundamental
components, namely, LHSDR and CSFPA, which correspond
to specific implementations of detail reconstruction and feature
alignment within the theoretical model, respectively. Initially,
Y and Ẑ are fed into the head residual block (HRB). The
structure of HRB is shown in the top-left corner of Fig. 2.
It adopts a residual structure, wherein the initial convolution
block is used to increase the dimensionality of the input
image, whereas the subsequent residual blocks [44] are used
to extract the shallow coded features. Subsequently, the coded
features are fed into the LHSDR. The proposed LHSDR aims
to model (5) to explore the spatial complementarity of diverse
modal images. It estimates the joint spatial degradation process
in various frequency directions from diverse modal data and
derives salient details in a hierarchical integration, with LF
driving HF, to obtain coupled high-frequency details. The cou-
pled high-frequency details and encoded spectral information
are then fed to the CSFPA to progressively optimize (6), which
in turn effectively explores the spectral complementarity of the
diverse modal data. The CSFPA estimates the joint spectral
degradation process by establishing coordinate-mode relations
between coupled high-frequency details and corresponding
spectral information in the continuous domain. It possesses
the capability to smoothly align the features at various scales
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within the continuous domain. Finally, the high-fidelity fused
image is obtained through fine detail reconstruction and accu-
rate feature alignment.

B. Low-Frequency-Driven High-Frequency Salient Detail
Reconstruction

The objective of (5) is to reconstruct complementary detail
representations in diverse modal data. According to Moore’s
pseudoinverse in matrix theory, it is easy to check that P−

1 Z
and P−

2 Y are invertible transformations of Z and Y, respec-
tively, and thus, P−

1 Z and P−

2 Y can theoretically retain all
the information of Z and Y, respectively. Since D and X
are not available, the invertible P−

1 Z and P−

2 Y can be used
to approximate the detail information D in X. Specifically,
we employ the 2-D Haar wavelet transform to obtain the fre-
quency components from various directions in diverse modal
images. The filters for various directions are quantified as
follows:

fHH =

[
1 −1

−1 1

]
, fHL =

[
−1 1
−1 1

]
fLH =

[
−1 −1
1 1

]
, fLL =

[
1 1
1 1

]
(7)

where HH, HL, LH, and LL represent the HF component, the
HF component in the vertical direction, the HF component in
the horizontal direction, and the LF component, respectively.
The frequency information in various directions can be quan-
tified as follows:

Cx
LL (i, j) = F x (2i − 1, 2 j − 1) + F x (2i − 1, 2 j)

+ F x (2i, 2 j − 1) + F x (2i, 2 j)
Cx

LH (i, j) = −F x (2i − 1, 2 j − 1) − F x (2i − 1, 2 j)
+ F x (2i, 2 j − 1) + F x (2i, 2 j)

Cx
HL (i, j) = −F x (2i − 1, 2 j − 1) + F x (2i − 1, 2 j)

− F x (2i, 2 j − 1) + F x (2i, 2 j)
Cx

HH (i, j) = F x (2i − 1, 2 j − 1) − F x (2i − 1, 2 j)
− F x (2i, 2 j − 1) + F x (2i, 2 j)

(8)

where x ∈ {Y ,Z }; F x ∈ RH×W×d denotes the shallow
features extracted by HRB; and d is the number of filters
in the last convolution layer, whose value is determined to
be 32 in practical implementation. Besides, (i, j) denotes the
spatial location of the pixel values. The coefficient matrix M
before and after the transformation in (8) can be quantified as

M =


1 1 1 1

−1 −1 1 1
−1 1 −1 1
1 −1 −1 1

 . (9)

It is apparent that M is an invertible matrix, which lays
the foundation for the complete preservation of the input
information for the diverse modalities.

There exists complementary spatial information in diverse
modal images. In particular, Y contains HF textural details,
whereas Z contains more LF global information. Therefore,
complementary spatial information in diverse modal images

can be obtained by driving HF texture details with LF global
information. Utilizing the position information obtained from
the discrete wavelet transform (DWT), the frequency compo-
nents of the various directions in diverse modal images are
integrated to encode a more robust feature representation by
LF driving HF

D = fP−

1,2

(
C Y ,C Z

)
(10)

where D ∈ RH×W×(d/4) is the estimated detail representation.
The joint implementation function corresponding to the inverse
matrix of the spatial downsampling matrix P1 and P2 is
denoted by fP−

1,2
. It comprises the implementation function

of the inverse matrix of a spatial blur matrix associated
with the PSF and the implementation function of the inverse
matrix of a downsampling matrix (i.e., the upsampling matrix).
In order to estimate the joint spatial degradation process of
diverse modal data, we decompose fP−

1,2
into three distinct

components, namely, fB−
γ

, fB−
rec

, and fS− . fB−
γ

and fB−
rec

are
utilized to model the inverse matrix of spatial blur matrix
hierarchically, whereas fS− is utilized to model the upsampling
matrix. Specifically, fB−

γ
models the information in identical

frequency directions in diverse modal images, leading to the
joint representations in various frequency directions; fB−

rec
models the joint representations in various directions step-by-
step to obtain complementary detail representations; and fS−

models the upsampling matrix, leading to the coupled high-
frequency details.

Instead of solely focusing on the spatial information in
spatial reference image (Y ), we consider the various frequency
components in diverse modal images. An average fusion
scheme is employed to integrate the frequencies of diverse
modal images in the same direction. In this manner, we jointly
model P−

1 Z and P−

2 Y in terms of frequency directions by
driving the HF with LF. The process can be quantified as
follows:

J γ = fB−
γ

(
C Y

γ ⊕ C Z
γ

)
, s.t. γ ∈ {LL, LH, HL, HH}

(11)

where fB−
γ

denotes the function corresponding to B−
γ . B−

γ

denotes the invertible version of the spatial blur matrix associ-
ated with the PSF, which is used to model the complementary
information of frequency components in the same direction
in diverse modal data. Besides, C Y

γ and C Z
γ stand for diverse

modal frequency features obtained by (8). Joint representations
in the same frequency direction are integrated in an LF-driven
HF manner, taking advantage of the complementary strengths
of the diverse modal data. Furthermore, we continue to model
the joint representations in various directions hierarchically
by driving HF with LF (e.g., J LL driving J LH). Finally, the
coupled high-frequency details D are obtained. The process
can be quantified as follows:

D = fS−

(
fB−

rec

(
J γ ⊕ J β

))
, s.t. β ̸= γ (12)

where fB−
rec

bears resemblance to fB−
γ

and is a PSF-related
operation that can be executed by HRB. The convolution
kernel size, step size, and padding of convolutional layers in
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HRB are 3, 1, and 1 respectively. fS− denotes the upsampling
function, which can be executed with inverse DWT. Since the
coefficient matrix M in (9) is invertible, the input information
from diverse modalities can be retained intact during the exe-
cution of upsampling via inverse DWT. By jointly modeling
P−

1 Z and P−

2 Y and decomposing them into three operations
hierarchically, fine-grained detail representations in diverse
modal images can be obtained. Fig. 2 illustrates how the
frequency components of the same direction in different modal
features are integrated to reveal finer edge details. By observ-
ing Y , Z , and X and the coupled high-frequency detail D ,
it can be determined that the proposed LHSDR effectively
exploits the detail representation in diverse modal data and
proficiently models the fine-grained detail information.

It is worth noting that when modeling the frequency com-
ponents in various directions, we ignore the LF components in
the spectral reference features, i.e., C Z

LL. Two primary motives
drive this approach. First, there exists a substantial quantity
of redundant LF information in C Z

LL, which is opposed to
the objective of reconstructing fine HF details in X . Second,
DNNs are more accustomed to anticipating HF information
during the training process, and this redundant LF information
may potentially hinder the DNNs from learning the HF details
to a certain extent. On the contrary, we consider the LF
components in the spatial reference features, i.e., C Y

LL. A mod-
est amount of low frequencies drives the high ones, which
is capable of achieving a more salient detail representation
while avoiding a substantial amount of redundant information.
We will discuss this section further in Section IV-E.

C. Coordinate-Modal-Guided Spatial–Spectral Feature
Progressive Alignment

The objective of (6) is to further explore the comple-
mentarity of the reconstructed coupled detail representation
(D ) and the spectral reference image (Z ) in the spectral
dimension, thereby obtaining a high spatial–spectral fidelity
image (X ). From the perspective of the observation model,
the values on the different channels in D can be expressed
as the accumulation of different responses in the spectral
range. However, the spectral range is sampled as a wavelength
interval in practical applications. They are generally quantified
in the following discrete form:

D c (p) =

B∑
k=1

X
(
i, j, λk

)
f Rc

(
λk

)
(13)

where c ∈ {1, 2, 3, . . . , (d/4)} is the channel index of D .
The spectral range is denoted by the wavelengths λ1, . . . , λB .
X (i, j, λ ) denotes the spectral radiance value at spatial posi-
tion (i, j) on λ . fRc denotes the SRF corresponding to index
c. Continuing from Section III-B, we model the spectral
complementarity of D and Z by utilizing coordinate-modal
guidance. Similar to Section III-B, we model f R− by exploring
the spectral complementarity of D and Z . The modeling
procedure consists of three fundamental steps: 1) establishing
the coordinate encoding mode between pixels; 2) establishing
the coordinate-modal relationship between D and Z through
continuous coordinate mapping; and 3) approximating f R− by

utilizing the implicit encoding function and aligning diverse
modal features at various scales within the continuous domain.

To ensure continuity across input pixels, the coordinate map
is scaled to a square grid of [−1, 1] × [−1, 1], which enables
features of different scales to share a 2-D coordinate for sub-
sequent alignment and fusion. For convenience, we represent
pixels with the center position of the pixel. The normalized
2-D coordinate C can be quantified as

C (i, j) =

[
−1 +

2i + 1
H

, −1 +
2 j + 1

W

]
(14)

where i ∈ [0, H − 1] and j ∈ [0, W − 1]. Prior to performing
position coding, we employ the HRB to extract the shallow
features of D and Z and map them to the same channel
dimension. The shallow features of D and Z are denoted
by T D and T Z , respectively. Since D takes full advan-
tage of the position information of DWT during the detail
reconstruction phase, it is used as a benchmark to establish
the coordinate-modal relationship between T D and T Z . This
alleviates the computational burden caused by calculating the
coordinates of different modal data at the same time. The
abovementioned coordinates allow us to identify the position
of T D and T Z and establish the coordinate-modal relation-
ship between T D and T Z . In this way, each pixel feature
within diverse modal features is represented in a continuous
manner. Subsequently, the positional encoded T D and T Z are
fed into an implicit decoding function. The implicit decoding
function takes into account diverse modal features and their
relative coordinate positions, with the capability of aligning
features at various scales in the same coordinate dimension.
As depicted in Fig. 2, the spectral feature value at each query
coordinate C q on the continuous feature map T C on can be
quantified as

T C on
(
C q

)
= f R−

(
T Z (C t ) ,C q − C t ,

¯̄T D
(
C q

))
. (15)

We employ a multilayer perceptron as the implicit decoding
function to approximate f R− , which is capable of aligning
features at various scales on the same coordinate scale via
implicit neural functionalities. f R− consists of one input layer,
three hidden layers, and one output layer, with the number of
nodes in the three hidden layers being 128, 256, and 128,
respectively. Besides, T Z (C t ) and ¯̄T D (C q) represent the
spectral feature values at the query coordinates C t and the
detail feature values at the query coordinates C q , respectively.
¯̄T D is the result of downsampling of T D , which is performed
by an adaptive maximum pooling layer. It is worth mentioning
that the number of multi-layer perceptrons (MLPs) and the
downsampling times are determined by the number of times
of progressive alignment.

In order to guarantee the continuity of the spectral features,
we utilize four spectral vectors closest to the current position to
generate an estimation of the spectral feature values. Since the
spectral vectors in various directions have different distances
from the estimated values, they exhibit dissimilar importance
to the estimated values. We employ a normalized confidence
voting mechanism, which calculates the weights of the indi-
vidual pixel values based on the proportion of the subspace
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corresponding to the four spectral vectors in the vicinity of the
overall space. Therefore, the weights corresponding to the four
spectral feature values in the vicinity of T Z can be quantified
as

wq,t =
S q,t∑

t∈Nq
S q,t

(16)

where Nq represents the set of neighborhood pixels sur-
rounding the spectral feature value T Z and S represents the
subspace corresponding to the spectral feature values in a
certain neighborhood. Furthermore, the spectral feature value
is weighted according to four spectral feature vectors in the
neighborhood. The process in (15) is remodeled as follows:

T C on
(
C q

)
=

∑
i∈Nq

wq,t f R−

(
T Z (C t ) ,C q − C t ,

¯̄TD
(
C q

))
.

(17)

Moreover, in order to guarantee continuity among diverse
modal features, we employ a progressive alignment to sample
diverse modal features to the same scale

T T
C on (C k)

=

∑
k∈Nk

wk,q fR−

T

(
T T −1

C on
(
C q

)
,C k − C q ,T D (C k)

)
(18)

where T T
C on denotes the coupled high-frequency details and

spectral information following the progressive alignment and
T ≤ ⌊

√
r⌋ denotes the number of times of progressive

alignment. In general, the higher the times of alignment, the
finer the spatial–spectral features obtained. Nonetheless, taking
into consideration the efficiency of fusion, the value of T will
be determined experimentally, which will be further discussed
in Section IV-E. Fig. 2 presents the results of visualizing
the spatial–spectral features before and after the alignment of
CSFPA. It is obvious that after the progressive alignment of
spatial–spectral features at different scales, targets at different
scales are accompanied by specific spectral information. These
reasonable spectral distributions can promote the formation
of finer spatial–spectral details. Evidently, CSFPA is capable
of accurately aligning diverse modal data while ensuring the
continuity of spectral features.

D. Training and Implementation Details

With LHSDR and CSFPA, coupled high-frequency details
and corresponding spectral information are accurately recon-
structed and aligned. Additionally, a high-fidelity fused image
is obtained as follows:

X = T T
C on ⊕ Ẑ . (19)

The residual learning enables RAMSF to be more inclined
to learn the HF details and corresponding spectral information
required in LR MSI/HSI to HR MSI/HSI. This further aligns
with the learning requirements of both detail reconstruction
and feature alignment. Since the main innovation of this
work lies in the design principles of RAMSF, including
both LHSDR and CSFPA, we directly adopt the commonly
used mean absolute error (MAE) as the loss function for

training. MAE is able to focus more on learning edge detail
information, which further aligns with our objective

Loss =

∑H
n=1

∑W
m=1

∑B
l=1 ∥X (n, m, l) − G (n, m, l)∥1

HWB
(20)

where G denotes the ground truth (GT).
We validate the proposed RAMSF on three different ORS-

MSF tasks, including MSIP, HSIP, and MHIF. It is worth
noteworthy to mention that we utilize identical hyperparameter
settings for all three tasks, thereby obviating the need to adjust
the hyperparameter setting according to the different task.
This indicates its excellent applicability and generalization
capability. In particular, the initial learning rate, epochs, and
batch size are set to 1e−4, 400, and 16, respectively. Besides,
we choose Adam as the optimizer and decay the learning rate
by half every 100 epochs.

IV. EXPERIMENTS

A. Datasets and Settings

1) Dataset Details: We conduct extensive experiments on
three different ORS-MSF tasks, namely, MSIP, HSIP, and
MHIF. Specifically, we conduct experiments on ten datasets,
encompassing 13 test sets containing data primarily from
GaoFen-2 (GF2), QuickBird (QB), WorldView-3 (WV3),
WorldView-2 (WV2), Pavia Center (PC), Botswana, FR1,
Pavia University (PU), Chikusei, and ZiYuan-1E (ZY1E) sen-
sors. The GF2, QB, WV3, and WV2 datasets1 [45] are used
to validate model performance on the MSIP task; the PC,
Botswana, and FR1 datasets2 [34] are used to validate model
performance on the HSIP task; and the PU3 [46], Chikusei4

[47], and ZY1E5 [48] datasets are used to validate the model
performance on the MHIF task. Table I contains the basic
information about ten datasets. It is noteworthy to mention
that the partitioning of the training, validation, and test sets
within each dataset adheres to the original partitioning or the
partitioning described in the published papers, wherein the
ratio between the number of samples in the training set and
the number of samples in the validation set is 9:1. Each of
the four MSIP datasets contains one simulation test set and
one real test set, each of which contains 20 test samples. The
spatial scale of the PANIs in the simulation test set is 256 ×

256, while the spatial scale of the PANIs in the real test set is
512 × 512. For the HSIP dataset, the test sets corresponding to
PC, Botswana, and FR1 contain two PANIs with spatial scales
of 400 × 400, four PANIs with spatial scales of 128 × 128,
and one PANI with a spatial scale of 456 × 76, respectively.
For the MHIF dataset, the corresponding test sets of Chikusei,
PU, and ZY1E contain 11 MSIs with a spatial scale of 512 ×

512, four MSIs with a spatial scale of 256 × 256, and 90 MSIs
with a spatial scale of 270 × 270, respectively. All datasets are

1https://github.com/liangjiandeng/PanCollection
2https://github.com/liangjiandeng/HyperPanCollection
3https://www.ehu.eus/ccwintco/index.php/Hyperspectral_Remote_

Sensing_Scenes
4https://www.sal.t.u-tokyo.ac.jp/hyperdata
5https://github.com/meiruni/MIMFormer
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TABLE I
BASIC INFORMATION OF TEN DATASETS

TABLE II
QUANTITATIVE EVALUATION RESULTS ON MSIP SIMULATED TEST SETS (BOLD: BEST AND UNDERLINE: SECOND BEST)

Fig. 3. Qualitative evaluation results on GF2 simulated test set. The fusion results are presented in odd rows, while the corresponding AEMs are listed in
even rows. (a) First set of results on the GF2 simulated test set. (b) Second set of results on the GF2 simulated test set.

publicly available, which can be accessed in published articles
and corresponding websites.

2) Evaluation Metrics: There are eight simulated test sets
and five real test sets. For simulated data, we employ four
reduced-scale test (RST) metrics to evaluate the fusion per-
formance, namely, peak signal-to-noise ratio (PSNR), spectral
angle mapper (SAM) [49], Erreur Relative Globale Adimen-
sionnelle de Synthèse (ERGAS) [50], and Q2n (Q4 for four
bands and Q8 for eight bands) [51]. For real data, we employ
four full-scale test (FST) metrics to evaluate the fusion perfor-
mance, namely, Dλ , Ds , quality with no reference (QNR) [52],
and hybrid QNR (HQNR) [53].

3) Comparative Methods: We selected different types of
methods previously categorized, which have been validated
in each fusion task. For the MSIP task, four traditional
methods and six DL methods are selected. The traditional
methods include 23-tap polynomial interpolation (EXP) [54],
adaptive component-substitution by using partial replacement

(PRACS) [55], total variation (TV) [56], and morphological
filters (MF) [57]; and the DL methods include FusionNet [13],
PSGAN, PanFormer, CML network (CMLNet) [17], QIS-
GAN [43], and DCINN [15]. For the HSIP task, we also select
four traditional and six DL methods. The traditional methods
include EXP, GSA [11], CNMF [27], and modulation trans-
fer function-generalized Laplacian pyramid (MTF-GLP) [50],
while the DL methods include deep prior and dual atten-
tion residual network (DHP-DARN) [16], MDANet [21],
Hyper-DSNet (DSNet) [34], pyramid shuffle-and-reshuffle
transformer (PSRT) [19], QIS-GAN, and DCINN. Similarly,
we select four traditional methods, including EXP, smoothing
filter-based intensity modulation (SFIM) [59], CNMF [27], and
guided filtering principal component analysis (GFPCA) [58],
and six DL methods, including multi-domain feature learning
(MDFL) [60], dual U-shape network (D-UNet) [18], deep
hyperspectral image fusion network (DHIFNet) [25], 3DT-
Net [24], QIS-GAN, and DCINN for the MHIF task. EXP is
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TABLE III
QUANTITATIVE EVALUATION RESULTS ON MSIP REAL TEST SETS (BOLD: BEST AND UNDERLINE: SECOND BEST)

Fig. 4. Qualitative evaluation results on GF2 real test set. The fusion results are presented in odd rows, while the corresponding HMs are listed in even
rows. (a) First set of results on the GF2 real test set. (b) Second set of results on the GF2 real test set.

an upsampling technique and is not counted in the quantitative
evaluation ranking. In particular, the two-branch INR-related
method QIS-GAN and the generalized multimodal fusion
method DCINN based on detail injection are used as baseline
methods for comparison experiments in all three fusion tasks.

In the comparison experiments, we strictly adhere to the
guidelines provided in the official code repositories and papers.
All codes are executed on the same computer with an i5-11600
CPU and two GTX-3060 GPUs. In addition, all implementa-
tions of this project will be released to ensure reproducibility.

B. Experiments for MSIP

Three MSI datasets are employed to validate the perfor-
mance of each method in the MSIP task, including the GF2
dataset, the QB dataset, and the WV3 dataset, each of which
contains a simulated test set and a real test set.

1) GF2 (4-Band): Fig. 3 depicts two sets of RST results
and their corresponding absolute error maps (AEMs) on the
GF2 simulated test set, encompassing typical scenarios such
as buildings, cropland, and rivers. In addition, representative
quantitative metric scores are presented above the subjective
fusion results to provide a comprehensive assessment of the
fusion performance. The AEMs corresponding to the fusion
outcomes of the traditional methods exhibit more residu-
als and more colorful pixels, indicating severe spatial and
spectral distortions. As shown in Fig. 3(a), the DL methods
demonstrate superior fusion performance in the large buildings
scenario, as evidenced by the fact that their corresponding

AEMs have fewer residuals. In Fig. 3(b), FusionNet exhibits
apparent spatial and spectral distortions when the ground
features are more demanding in terms of fine granularity, and
PSGAN, PanFormer, CMLNet, and QIS-GAN exhibit more
residuals in the road-edge and small building regions. DCINN
and the proposed RAMSF exhibit considerable performance.
The proposed RAMSF exhibits a more consistent spectral
distribution with GT in large-scale cropland areas, while the
corresponding AEMs are darker in hue and contain fewer
residuals. This implies that RAMSF possesses better spatial
and spectral preservation capabilities, owing to its sufficient
exploration of complementary spatial details and the accurate
representation of the spatial–spectral features. Table II presents
the quantitative results along with the mean. The best results
are in boldface, while the second-best results are underlined.
The publication abbreviation, year of publication, and corre-
sponding category of each method are labeled after method
names in the first column. It can be observed that DL-based
methods exhibit superior performance compared to traditional
methods on all metrics. The proposed RAMSF achieves the
best scores on all the metrics with significant advantages,
which further validates the effectiveness of our methodology.

Fig. 4 depicts two sets of FST results and their correspond-
ing HQNR maps (HMs) on the GF2 real test set, encompassing
typical scenarios such as large buildings, small buildings,
cropland, and roads. The fusion results of EXP can be used
as a spectral reference despite its poor results in terms of
spatial quality. Traditional methods still demonstrate signifi-
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Fig. 5. Qualitative evaluation results on QB simulated test set. The fusion results are presented in odd rows, while the corresponding AEMs are listed in
even rows. (a) First set of results on the QB simulated test set. (b) Second set of results on the QB simulated test set.

Fig. 6. Qualitative evaluation results on QB real test set. The fusion results are presented in odd rows, while the corresponding HMs are listed in even rows.
(a) First set of results on the QB real test set. (b) Second set of results on the QB real test set.

cant spatial and spectral distortions. As shown in Fig. 4(a),
most DL methods exhibit satisfactory fusion performance
when the spatial resolution is 0.8 m and the fusion scene
is relatively monolithic. However, as shown in Fig. 4(b),
these DL methods exhibit excessive smoothing in the cropland
areas where fine grainedness is in demand. In contrast, the
proposed RAMSF exhibits a finer texture. Furthermore, the
corresponding HMs further demonstrate that the RAMSF
achieves more fine-grained spatial details and more reasonable
spectral distributions. The quantitative evaluation results in
Table III further validate the effectiveness of the proposed
LHSDR and CSFPA.

2) QB (4-Band): Fig. 5 depicts two sets of RST results
obtained from QB simulated test set, including typical scenar-
ios such as cities and forests. The fusion results of MF show
significant spatial distortion, while PRACS demonstrates evi-
dent spectral distortion. These results demonstrate the inherent
flaw of both MRA-based and CS-based methods. Similarly, the
VO-based method TV exhibits apparent spatial and spectral
distortions that could be attributed to irrational parameter set-
tings. At reduced scales, the DL methods demonstrate strong
fitting capabilities. In contrast, PSGAN and the proposed
RAMSF show comparable fusion performance, as evidenced
by the overall darker hue of PSGAN’s AEMs and fewer
residuals in RAMSF’s AEMs. The corresponding quantitative

evaluation outcomes are shown in Table II, which shows
that the proposed RAMSF achieves the best scores on all
metrics. This further validates that the RAMSF is capable
of reconstructing finer details and more reasonable spectral
distributions, thanks to fine detail reconstruction and accurate
feature alignment.

Fig. 6 depicts two sets of FST results on QB real test
set. Obviously, each method shows varying degrees of per-
formance degradation upon increasing the resolution to 0.6 m.
FusionNet, CMLNet, and QIS-GAN exhibit obvious spatial
and spectral distortions. This is attributed to the fact that
the theoretical models or network structures adopted by these
methods ignore the complementary properties of diverse modal
data and are unable to reconstruct fine-grained detail repre-
sentations, resulting in the loss of spatial details, which in
turn causes an irrational overall spectral distribution. PSGAN
and DCINN exhibit comparable performance benefiting from
their rational exploitation of advanced generative adversarial
networks and invertible neural network models. Compared
with these DL methods, RAMSF’s results are more closely
aligned with those of EXP in terms of the overall spectral
distribution. Furthermore, the proposed RAMSF exhibits much
finer spatial details, as evidenced by the white vehicle in the
zoomed-in area. The quantitative outcomes are presented in
Table III. The proposed RAMSF shows notable superiority in
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Fig. 7. Qualitative evaluation results on WV3 simulated test set. The fusion results are presented in odd rows, while the corresponding AEMs are listed in
even rows. (a) First set of results on the WV3 simulated test set. (b) Second set of results on the WV3 simulated test set.

two comprehensive evaluation metrics, QNR and HQNR. This
indicates that RAMSF effectively balances spatial and spectral
information in diverse modal images.

3) WV3 (8-Band): Fig. 7 illustrates the RST results on
the WV3 simulated test set, including typical scenarios such
as street buildings, coast, and jungle. Due to the limited
nonlinear fitting capability, traditional methods exhibit severe
spatial blurring and spectral distortion in intricate scenes,
as exemplified by blurred spatial textures and a substantial
number of colored pixels in the AEMs. As shown in the
edge region of the pool within the red box, FusionNet and
DCINN clearly suffer from a partial loss of detail. These two
methods construct representations between diverse modal data
by means of differencing (detail injection), disregarding com-
plementary details in the spectral reference image, resulting in
spectral distortion. The two methods PSGAN and CMLNet,
which belong to the concatenation, also show slight spectral
distortions, as evidenced by the presence of a large number of
green pixels on the white roofs in the AEMs. The concatena-
tion approach builds up the detail representation between the
diverse modal data rather roughly, making the fusion results
highly dependent on the extraction capability of the designed
modules. QIS-GAN and the proposed RAMSF demonstrate
comparable performance. Compared with QIS-GAN, RAMSF
preserves more details, as evidenced by the overall darker
tone and fewer residuals in the corresponding AEMs. QIS-
GAN employs implicit neural sampling resembling a quadtree,
which is capable of better preserving the complementary infor-
mation between diverse modalities. However, QIS-GAN uses
stitching to rudely establish the detail representation, which
makes the model lose a large amount of detail information in
the process of learning.

Fig. 8 depicts two sets of FST results and their cor-
responding HMs on the WV3 real test set, encompassing
typical scenarios such as small buildings, shrubbery, and
cars. The fusion scenario becomes more challenging when
the resolution reaches 0.3 m. As evident from the HMs,
PanFormer, CMLNet, DCINN, and the proposed RAMSF
demonstrate comparable fusion quality. In contrast, PanFormer
shows slight spectral distortion as seen from the zoomed-
in region. In addition, CMLNet and DCINN exhibit severe
spatial distortions, as evidenced by the severe deformation

appearing in the vehicle, which is detrimental to the subse-
quent detection and segmentation tasks. The proposed RAMSF
still exhibits clear edges and consistent spectral distributions
in highly fine-grained scenes, thanks to the model’s emphasis
on complementary details of diverse modalities.

The quantitative results of RST and FST on WV3 data are
shown in Tables II and III, respectively. It can be seen that the
best scores are achieved by the proposed RAMSF, except for
QNR. This phenomenon may be attributable to the inherent
drawback of QNR, which is that it may treat the increased
detail information as spectral distortions, as mentioned in [61]
and [62].

C. Experiments for HSIP

Three HSIP datasets are used to further validate the gen-
eralization capability of the proposed RAMSF on different
ORS-MSF tasks, including the simulated PC dataset with
102 bands, the simulated Botswana dataset with 145 bands,
and the real FR1 dataset with 69 bands.

1) PC (102-Band): The qualitative results are shown in
Fig. 9. Since EXP is an upsampling method that does not
use spatially referenced images, its fusion results demonstrate
significant blurring. Among the traditional methods, CNMF,
GFPCA, and MTF-GLP demonstrate obvious spatial distortion
and spectral distortion. DL-based fusion methods demonstrate
similar fusion performance, so we further analyze the sub-
jective performance through AEMs. In contrast, the AEM
corresponding to RAMSF has the darkest colors and the least
residuals. Specifically, in the building edge region, the fusion
results of RAMSF exhibit fewer residuals, which means that
our method is capable of preserving more spatial details.
In addition, we show the spectral vectors for two different
spatial locations in the test sample shown in Fig. 10(a).
It can be observed that the spectral vectors of RAMSF are
closest to GT, which proves that our method has the best
spectral preservation ability. Table IV shows the corresponding
quantitative results. RAMSF achieves the best scores on the
PSNR and ERGAS, which further proves the effectiveness of
RAMSF.

2) Botswana (145-Band): The HSIs in the Botswana test
set comprise 145 spectral bands, rendering the sharpening
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Fig. 8. Qualitative evaluation results on WV3 real test set. The fusion results are presented in odd rows, while the corresponding HMs are listed in even
rows. (a) First set of results on the WV3 real test set. (b) Second set of results on the WV3 real test set.

TABLE IV
QUANTITATIVE EVALUATION RESULTS ON HSIP TEST SETS (BOLD: BEST AND UNDERLINE: SECOND BEST)

Fig. 9. Qualitative evaluation results on PC test set. The fusion results are presented in odd rows, while the corresponding AEMs are listed in even rows.
(a) First set of results on the PC test set. (b) Second set of results on the PC test set.

process more challenging. Fig. 11 shows two sets of results
and their corresponding AEMs on the Botswana data, encom-
passing typical scenarios such as mountains and rocks. Most of
the methods exhibit severe performance degradation. Among
them, CNMF demonstrates the worst fusion performance.
GFPCA and MTF-GLP demonstrate significant spatial and
spectral distortions. From the enlarged area depicted in the red
box, the proposed RAMSF demonstrates the closest spatial

details and spectral distribution to GT. The corresponding
AEMs in Fig. 11(a) reveal that only PSRT and the proposed
RAMSF demonstrate comparable detail preservation capa-
bilities. PSRT is an image dimension concatenation method
that employs transformer as a feature extractor. The benefit
of transformer’s global modeling capability allows PSRT to
achieve decent performance even after rough preprocessing.
However, as shown in Fig. 11(b), PSRT loses a lot of edge
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Fig. 10. Comparisons of spectral vectors from different spatial locations on different ORS-MSF data. (a) Spectral vectors from different spatial locations on
PC test data. (b) Spectral vectors from different spatial locations on Botswana test data. (c) Spectral vectors from different spatial locations on PU test data.
(d) Spectral vectors from different spatial locations on Chikusei test data.

Fig. 11. Qualitative evaluation results on Botswana test set. The fusion results are presented in odd rows, while the corresponding AEMs are listed in even
rows. (a) First set of results on the Botswana test set. (b) Second set of results on the Botswana test set.

details when the texture of the mountains and rivers is more
abundant, which verifies the importance of establishing a fine
detail representation between diverse modal data. In addition,
in the second set of examples, except for QIS-GAN and
the proposed RAMSF, all the other methods show significant
spectral distortion, as evidenced by the colored pixels in
the edge regions of the AEMs. This confirms the necessity
of preserving the continuity of the spatial–spectral features.
The quantitative test results on Botswana data in Table IV

validate the effectiveness of decoupling the fusion problem
into LHSDR and CSFPA. Similarly, we also show the spectral
vectors in the test sample, as shown in Fig. 10(b). It can be
seen that the spectral vectors of RAMSF are closest to those
of GT, which further demonstrates that our methodology also
has the best spectral preservation on the more challenging
Botswana dataset.

3) FR1 (69-Band): Fig. 12 depicts the qualitative results on
the real FR1 test set. Since HQNR is only applicable to assess
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Fig. 12. Qualitative evaluation results on FR1 test set. The fusion results are presented in odd rows, while the corresponding QMs are listed in even rows.

TABLE V
QUANTITATIVE EVALUATION RESULTS ON MHIF TEST SETS (BOLD: BEST AND UNDERLINE: SECOND BEST)

Fig. 13. Qualitative evaluation results on PU test set. The fusion results are presented in odd rows, while the corresponding AEMs are listed in even rows.
(a) First set of results on the PU test set. (b) Second set of results on the PU test set.

the comprehensive quality of 4-band or 8-band ORS images,
we visualize another comprehensive quality evaluation metric,
QNR maps (QMs), to show the scores of each local region.
As shown in the zoomed-in region, GSA and CNMF exhibit
unrealistic spectral distributions, while MTF-GLP exhibits
inferior spatial quality. The fusion outcomes obtained from
the image dimension concatenation methods DARN, PSRT,
and QIS-GAN exhibit excessive smoothness and lack critical
details. This is attributable to the that direct stitching disre-
gards the complementarity of diverse modal data, rendering
it challenging to reconstruct a precise representation. The

feature dimension concatenation methods MDANet and DSNet
demonstrate slight spectral distortion. This is mainly due
to the fact that such preprocessing tends to cause a large
amount of redundant information, which makes it difficult
to mine fine detail representations. In addition, the discrete
sampling method used in the feature extraction stage makes
it difficult to align multimodal features at various scales,
which in turn leads to spectral distortion. DCINN and the
proposed RAMSF show comparable performance. In contrast,
RAMSF exhibits more consistent spatial details with PANI.
The quantitative evaluation results of each method are shown
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in Table IV. The proposed RAMSF achieves the best scores in
Ds and QNR, which implies that the RAMSF preserves more
spatial details and possesses better comprehensive quality. It is
worth mentioning that the RAMSF slightly outperforms the
QIS-GAN in terms of the spectral distortion index Dλ . In fact,
the qualitative results demonstrate that the proposed RAMSF
preserves more spatial details. As previously mentioned, since
Dλ is using the upsampled HSI as the spectral reference
image, it may consider the enhanced spatial details as spectral
distortion. Overall, the proposed RAMSF demonstrates the
most impressive fusion performance.

D. Experiments for MHIF

For MHIF, we also use three datasets for validation, includ-
ing the simulated PU dataset with 92 bands, the simulated
Chikusei dataset with 128 bands, and the real ZY1E dataset
with 76 bands.

1) PU (92-Band): Fig. 13 shows two sets of results and
their corresponding AEMs on the PU data, encompassing
typical scenarios such as buildings and roads. Compared with
the other two classical methods, CNMF exhibits decent fusion
performance. For DL methods, the fusion results of MDFL
and D-UNet exhibit poor spatial quality. This is due to the
fact that the direct concatenation ignores the complementarity
of diverse modal data, resulting in the loss of critical details.
As shown in the AEMs, the feature dimension concatenation
methods DHIFNet and 3DT-Net exhibit high reconstruction
errors in the center region of the building. This feature
dimension concatenation method tends to cause a large amount
of redundant information, which makes it difficult to mine
fine detail representations and thus leads to the loss of some
key details. QIS-GAN, DCINN, and the proposed RAMSF
exhibit comparable fusion quality. In Fig. 13(a), the AEM
corresponding to the RAMSF exhibits a darker hue, which
implies a less global error. In Fig. 13(b), the AEM correspond-
ing to DCINN exhibits darker hues in some localized regions,
while the proposed RAMSF exhibits fewer residuals. The
spectral curves distributed at different positions in Fig. 10(c)
further validate that the proposed RAMSF can achieve a
more consistent spectral distribution with GT. Table V shows
the corresponding quantitative results. The proposed RAMSF
achieves the highest score on PSNR, which means that its
fusion results are clearer and more informative in detail.
Meanwhile, the RAMSF achieves the best score on SAM,
which means that our method demonstrates a more consistent
spectral distribution with GT.

2) Chikusei (128-Band): Fig. 14 shows two sets of results
and their corresponding AEMs, encompassing typical scenar-
ios such as buildings, cropland, and rivers. Both from the
fusion results and the corresponding AEMs, the traditional
methods demonstrate severe spatial blurring and spectral dis-
tortion. For DL methods, MDFL and D-UNet also exhibit
obvious spatial blurring, as shown in the blurred yellow
building edges in Fig. 14(a) and the smooth cropland area
in Fig. 14(b). DHIFNet, 3DT-Net, and QIS-GAN show slight
distortion, specifically in the center area of the building.
This direct concatenation cannot accurately represent the com-
plementary characteristics of the diverse modal data, which
results in the loss of some key details. DCINN and the

proposed RAMSF exhibit slight distortions, specifically in
the blue building area located in the bottom-left corner.
In the cropland area, the RAMSF exhibits a finer texture.
Furthermore, it can be seen from the corresponding AEMs
of each method that the proposed RAMSF possesses a less
reconstruction error. The quantitative results are shown in
Table V. The proposed RAMSF achieves the best scores on
SAM and ERGAS, indicating that our method can preserve
more spectral information and spatial details.

3) ZY1E (76-Band): Fig. 15 shows the fusion results and
their corresponding QMs on real ZY1E data, encompassing
typical scenarios such as shrubbery, coastline, and rivers.
In vegetation and cropland areas, traditional methods exhibit
inferior fine grainedness, even though their corresponding
QMs are more reddish in hue. The fusion results of MDFL
exhibit severe distortions. D-UNet, DHIFNet, and 3DT-Net
exhibit comparable fusion quality. The fusion outcomes of
DCINN exhibit excessive smoothing, resulting in the loss
of detail information. DCINN establishes the representation
between diverse modal data by means of differencing, ignoring
the complementary details in the spectral reference image.
In contrast, the proposed RAMSF exhibits the best spatial
and spectral preservation capabilities, as evidenced by the
rich vegetation texture, clear coastline, and well-defined road
boundaries. The test results on the three nonreference metrics
are shown in Table V, where the proposed RAMSF achieves
the best scores on Ds and QNR. This indicates that the
RAMSF is able to preserve more spatial details while attaining
a higher overall quality. In addition, the proposed RAMSF
performs second only to the QIS-GAN on Dλ . Combining
the qualitative evaluation results and the inherent defects of
Dλ , we conclude that the proposed RAMSF is still the most
promising.

E. Ablation Experiments

Two components of the proposed RAMSF, LHSDR and
CSFPA, are the subject of ablation experiments. We conduct
corresponding experiments on the MSIP dataset QB, the HSIP
dataset PC, and the MHIF dataset Chikusei.

1) Low-Frequency-Driven High-Frequency Salient Detail
Reconstruction: In the process of reconstructing the HF
details, we take into account the LF information in the spatial
reference image (C Y

LL) while disregarding the LF information
in the spectral reference image (C Z

LL). We conduct the cor-
responding experiments to validate the efficacy of LHSDR.
Moreover, we compare the proposed LHSDR with the com-
mon pixelwise operation in three different ORS-MSF tasks.
Fig. 16(a) shows the visualization results. It can be seen that
subtraction and concatenation show significant spectral distor-
tion. Since continuous pixelwise operations cannot adequately
represent the detail information in the original image pairs,
lost detail information changes the overall spectral distribution.
From the corresponding AEMs, it can be observed that w

C Z
LL exhibits more residuals, indicating that a portion of

the detail information is lost subsequent to the addition of
C Z

LL, This implies that the LF information presented LRMSI
may inadvertently hinder the process of detail reconstruction.
In addition, the fusion results show a slight spectral distortion
after the addition of C Y

LL, proving that the fine details can
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Fig. 14. Qualitative evaluation results on Chikusei test set. The fusion results are presented in odd rows, while the corresponding AEMs are listed in even
rows. (a) First set of results on the Chikusei test set. (b) Second set of results on the Chikusei test set.

Fig. 15. Qualitative evaluation results on ZY1E test set. The fusion results are presented in odd rows, while the corresponding QMs are listed in even rows.
(a) First set of results on the ZY1E test set. (b) Second set of results on the ZY1E test set.

TABLE VI
QUANTITATIVE ABLATION EXPERIMENTAL RESULTS FOR LHSDR ON DIFFERENT ORS-MSF TASKS (BOLD: BEST)

TABLE VII
QUANTITATIVE ABLATION EXPERIMENTAL RESULTS FOR CSFPA ON DIFFERENT ORS-MSF TASKS (BOLD: BEST)

facilitate the formation of a more reasonable spectral distri-
bution. Furthermore, the outcomes from the HSIP and MHIF
tasks confirm this finding. The fusion results of subtraction and

concatenation exhibit varying degrees of blurring, as shown by
the building edge regions in the enlarged area of the red box.
From the corresponding AEMs, the proposed LHSDR shows
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Fig. 16. Ablation experimental results. Qualitative ablation experimental results for (a) LHSDR and (b) CSFPA.

TABLE VIII
QUANTITATIVE ABLATION EXPERIMENTAL RESULTS FOR THE NUMBER OF TIMES OF PROGRESSIVE ALIGNMENT IN CSFPA (BOLD: BEST)

the least residuals. This further demonstrates that C Y
LL facili-

tates the reconstruction of more fine-grained HF information.
However, excessively redundant LF information, such as C Z

LL,
hinders the reconstruction of details. Table VI presents the cor-
responding quantitative results, and it is evident that RAMSF
exhibits superior performance across all metrics. For the QB
dataset, our methodology improves at least 3.1%, 3.3%, and
0.5% on SAM, ERGAS, and Q2n metrics, respectively. For
the PC dataset, our method achieves at least 0.4%, 2.0%, and
1.6% improvement on the PSNR, SAM, and ERGAS metrics,
respectively. Likewise, for the Chikusei dataset, our RAMSF
achieves at least 0.4%, 1.2%, and 1.0% improvement on the
PSNR, SAM, and ERGAS metrics, respectively. Therefore,
we can conclude that a moderate amount of LF information
can drive the formation of more salient HF information.

2) Coordinate-Modal-Guided Spatial–Spectral Feature Pro-
gressive Alignment: We perform ablation experiments on
CSFPA. The sampling process in CSFPA is replaced with
common discrete-based sampling techniques such as bilinear,
bicubic, deconvolution, and pixel shuffle. Fig. 16(b) illustrates
the qualitative results on three different ORS-MSF tasks. For
MSIP, the enlarged area shows that the proposed CSFPA is
capable of generating spatial information and spectral distri-
butions closest to GT. Furthermore, the corresponding AEMs

further demonstrate that the CSFPA preserves more spatial
detail information. The proposed CSFPA demonstrates the
closest spatial and spectral distribution of the GT, as shown in
the building area in the red box zoomed-in region. Table VII
presents the corresponding quantitative results. For the QB
dataset, RAMSF improves at least 4.1%, 5.0%, and 0.6%,
on the SAM, ERGAS, and Q2n metrics, respectively. For
the PC dataset, our methodology improves at least 0.6%,
5.1%, and 2.3% on the PSNR, SAM, and ERGAS metrics,
respectively. Similarly, for the PC dataset, our methodology
improves by at least 0.8%, 2.7%, and 1.7% on the PSNR,
SAM, and ERGAS metrics, respectively. In summary, CSFPA
is capable of accurately aligning diverse modal data while
ensuring the continuity of spectral features. These reason-
able spectral distributions can promote the formation of finer
details.

We have performed an ablation analysis of the number of
times of progressive alignment (T ) in CSFPA. As depicted
in Table VIII, the fusion performance in different ORS-MSF
tasks shows a consistent upward trend as T increases. How-
ever, when T > 2, the upward trend of fusion performance
slows down. Taking into consideration the efficiency burden
associated with the increase of T , we choose T = 2 as the
number of times of progressive alignment.
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TABLE IX
QUANTITATIVE ABLATION EXPERIMENTAL RESULTS FOR DIFFERENT DETAIL REPRESENTATION AND FUSION STRATEGY COMBINATIONS (BOLD: BEST)

TABLE X
EFFICIENCY EVALUATION ON DIFFERENT ORS-MSF TASKS (BOLD: BEST)

TABLE XI
EVALUATION OF GENERALIZABILITY ON THE WV2 DATASET (BOLD:

BEST AND UNDERLINE: SECOND BEST)

Furthermore, the necessity of the two phases in the pro-
posed framework is further verified. We compare the proposed
method with another INR-based image dimension concatena-
tion method, QIS-GAN, both in terms of module and network
architecture. Four different variants are obtained by combining
different detail representations and fusion strategies. Table IX
shows that the proposed RAMSF achieves the best fusion
performance with different combinations of modules and net-
work architectures, which further proves the necessity and
superiority of the proposed LHSDR and CSFPA.

F. Efficiency Analysis
Table X presents the results of efficiency testing in dif-

ferent ORS-MSF tasks in terms of five aspects, including

the number of training epochs (epochs), time complexity
(training time and testing time), runtime memory occupation
(memory), computational complexity [floating-point opera-
tions (FLOPs) and multiply-accumulate operations (MACs)],
and model complexity (Params). In addition, Fig. 17 presents
a visual comparison of the relationship between the fusion
performance and fusion efficiency. As shown in Fig. 17(a),
we demonstrate the relationship between performance, training
time, and computational complexity (FLOPs) in three different
tasks. It is evident that RAMSF achieves the optimal balance
between fusion performance, training time, and computational
complexity in all three different tasks. Fig. 17(b) illustrates
the relationship between performance, testing time, and model
complexity (Params). In the MSIP task, the proposed RAMSF
ranks second only to FusionNet in terms of testing time while
exhibiting a notable advantage in fusion performance on real
data. Moreover, RAMSF achieves the optimal balance in the
HSIP and MHIF tasks. To summarize, the proposed RAMSF
exhibits great potential and promise in three different ORS-
MSF tasks.

G. Generalizability Analysis

It has been demonstrated that the proposed RAMSF has
superior fusion performance and efficiency in different ORS-
MSF tasks. In this section, we focus on the generalization
ability of the model, i.e., the ability to fuse data acquired
from different sensors through a single model. To this end,
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Fig. 17. Comparison of the efficiency of existing SOTA DL-based methods in diverse ORS-MSF tasks. (a) Comparison of fusion performance, training time,
and computational complexity. The area of the nodes denotes the computational complexity (FLOPs). (b) Comparison of fusion performance, testing time,
and model complexity. The area of the nodes denotes the model complexity (Params).

we evaluate the models trained on WV3 data with each
comparison method on WV2 test data. The results of the
quantitative experiments are shown in Table XI. It is evident
that the methods show obvious performance degradation,
particularly CMLNet and QIS-GAN. In contrast, the proposed
RAMSF emerges as the most superior method, surpassing
the benchmarks in three metrics, specifically SAM, ERGAS,
and Q8, indicating that its fusion outcomes possess fewer
reconstruction errors and superior sharpening quality in both
spatial and spectral dimensions.

V. CONCLUSION

In this article, we provide a comprehensive analysis of the
theoretical models and network architectures implemented in
existing methods and decompose ORS-MSF into two main
phases: detail reconstruction and feature alignment. Inspired
by these analyses, we propose a generic framework, called
RAMSF. The proposed RAMSF comprises two fundamental
components, namely, the LHSDR and the CSFPA. LHSDR
estimates the joint spatial degradation process in various
frequency directions from diverse modal data and derives
salient details in a hierarchical integration, with HF driving
LF. The reconstructed salient details can lay the foundation for
the subsequent high-fidelity fusion. CSFPA, on the other hand,
estimates the joint spectral degradation process by establishing
coordinate-mode relations between coupled high-frequency
details and corresponding spectral information in the con-
tinuous domain. CSFPA is capable of accurately aligning

diverse modal data while ensuring the continuity of spectral
features. We conduct extensive ablation experiments and com-
parison experiments in three different ORS-MSF tasks, and
the qualitative and quantitative results show that the proposed
RAMSF can achieve superior fusion results. Furthermore,
efficacy evaluations further demonstrate that the proposed
RAMSF has achieved the optimal balance between fusion
performance and efficacy. However, in terms of testing time,
the proposed method still exhibits room for improvement.
In future work, we will further improve the fusion performance
and efficacy. Furthermore, we will expand our methodology to
other modal remote sensing data, such as synthetic aperture
radar, light laser detection and ranging (LiDAR), and thermal
infrared data, to further integrate the advantageous information
of diverse modal data and establish a solid foundation for
downstream tasks and real-world applications.
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