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Recursive Self-Attention Modules-Based Network
for Panchromatic and Multispectral Image Fusion

Chuang Liu , Lu Wei , Zhiqi Zhang , Xiaoxiao Feng , and Shao Xiang

Abstract—In the field of remote sensing, image fusion technology
plays a crucial role in observing the state of global resources and
environmental conditions, proposing response strategies, and
constantly monitoring and correcting strategies. Currently, the
majority of traditional methods exhibit varying degrees of spatial
or spectral distortion, and these unreasonable spectral distribu-
tions may contain erroneous geographical feature information.
Meanwhile, despite their performance in fusion results, deep
learning-based methods cannot be applied to some practical
application scenarios due to the requirement for hardware
specifications resulting from a large number of parameters in their
models. These issues are not conducive to accurately reflecting the
actual geomorphic resource conditions or promoting sustainable
development. In order to address the above issues, we propose a
novel recursive self-attention module (RSAM), which consists of
two stages: spatial-spectral similarity extraction and self-attention
weight generation. The proposed RSAM employs a global-to-local
strategy to capture the global interdependencies of two distinct
local locations in the feature map. This method allows for simul-
taneous consideration of both spatial and spectral information
while focusing on more mutual information between spectral and
spatial dimensions. Subsequently, we construct the corresponding
recursive self-attention residual block (RSARB) through RSAM
and concatenate the RSARBs to generate a recursive self-attention
module-based network (RSANet) with a limited number of param-
eters. Extensive experiments demonstrate that RSANet achieves
superior results in both qualitative and quantitative evaluation
despite the model parameters being within a narrow range of
orders of magnitude. This demonstrates that the proposed method
possesses robust feature learning capability and practicality for
observing and studying the global resource environment.
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I. INTRODUCTION

O PTICAL remote sensing satellites are playing an increas-
ingly prominent role as an essential means of acquiring

spatial geographic information, which can rapidly acquire global
ground images to realize the demand for Earth observation and
can help us better understand and detect the Earth system, includ-
ing the natural environment, ecosystems, and natural or human-
induced disasters [1], [2], [3], [4]. However, the satellites cannot
directly acquire high spatial resolution multispectral (HRMS)
images because of some physical conditions. However, they are
capable of acquiring paired high spatial resolution panchromatic
(PAN) images and low spatial resolution multispectral (LRMS)
images, respectively. Therefore, image fusion technology was
derived, with the objective of combining two images of varying
resolution to obtain HRMS images. The two main groups of
fusion methods that can be classified are traditional and deep
learning (DL) based.

Previously, most traditional methods relied on the manual
extraction of PAN and LRMS features based on prior expertise.
Nonetheless, due to the uncomplicated configuration of these
features, their representational ability is limited, as evidenced
by the fact that the results fused by these methods suffer from
severe spatial or spectral distortions in some complex scenes. In
fact, some classical traditional methods have been significantly
improved, thereby preserving their fundamental characteristic
of high computational efficiency [5], [6], [7], [8]. In recent
years, deep neural networks have achieved incredible results
in computer vision, and the novel paradigms in these networks
have inspired and guided work in related fields [9], [10], [11],
[12], [13]. Fig. 1 exhibits the relationship between the fusion
performance and model parameters of our proposed method
and the other five SOTA DL-based methods. In order to achieve
better fusion results, more complex and in-depth architectures
have been proposed. In addition, with the successful application
of attention mechanisms in natural language processing, various
enhanced transformer models and attention mechanisms have
been applied to the field of remote sensing. However, they
require a considerable amount of computational power to
perform matrix multiplication operations, resulting in high
model memory consumption and low efficiency.

It is widely acknowledged that the quality of the fused image is
a crucial factor in determining the precision of subsequent tasks,
such as classification and detection. However, unreasonable spa-
tial and spectral distributions may hinder the subsequent tasks;
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Fig. 1. PSNR-Params comparisons between five SOTA DL-based fusion
methods and our RSANet on the QuickBird satellite dataset. The vertical
axis is PSNR (fusion performance), and the horizontal axis is Params (model
complexity).

hence, it is imperative to ensure the fusion effect of the image.
Furthermore, in practical scenarios, having fewer parameters
can reduce the device specification requirement for the fusion
method. This, in turn, provides a more flexible margin within
the same specifications for subsequent tasks [14]. On the other
hand, it is capable of dividing each computational unit within
the embedded device into larger units, leading to enhanced
performance in constrained application scenarios, such as on-
board processing [15], [16], [17], [18], [19]. Therefore, we are
committed to achieving good fusion results while ensuring that
the model parameters are within a modest order of magnitude.

A. Our Motivation

Recently, the application of DL algorithms to image fusion has
received widespread attention. Several instances of data process-
ing results in publicly available literature demonstrate that DL
algorithms can substantially enhance the performance of satellite
image fusion processing. Nevertheless, to enable on-board satel-
lite image fusion using DL, it is imperative to reduce the model
complexity. Existing fusion algorithms have high computational
complexity, making it challenging to apply them to computation-
constrained platforms. There are also lightweight methods with
low computational complexity, but their fusion accuracy is not
sufficient for subsequent tasks, such as classification [20]. Atten-
tion mechanisms can effectively enhance the fusion capability
of the model and have a significant advantage in capturing long-
range dependencies. This motivated us to employ it to establish
long-distance correlations between the spectral information in
LRMS images and the spatial information in PAN images. Fur-
thermore, we reduce the computational complexity of the atten-
tion module to ensure the minimum number of parameters in the
entire fusion model without compromising fusion accuracy. This
enables our method to be applicable in on-board environments.

B. Differences From Other Related Works

To the best of our knowledge, attention mechanisms have been
applied to a variety of visual tasks, including image compression
[21], detection [22], [23], and image classification [24]. In
the domain of image fusion, there are two issues with these
methods: 1) The majority of the existing attention modules focus

only on the information between spectral bands or information
between spatial dimensions. Subsequently, different modules are
incorporated into a specific network structure, which ignores the
mutual information across both spectral and spatial dimensions.
2) The majority of the modeling structures are constructed to be
extremely intricate, which results in a model with greater initial
complexity. Hence, it is imperative to devise a straightforward
and efficacious fusion model utilizing the attention mechanism.
In this regard, we propose the recursive self-attention module
(RSAM) to integrate the respective information of PAN and
LRMS images as well as the correlation information between
them. Based on this foundation, instead of devising a more
intricate network architecture, we employ a straightforward and
efficient method for embedding RSAM, limiting the parameters
of the model to a smaller order of magnitude.

To achieve an optimal balance between the performance of
the fusion and the number of model parameters, we develop
a novel RSAM, which consists of two stages: spatial-spectral
similarity extraction and self-attention weight generation. Fur-
thermore, we construct a straightforward single-branch network
to comprehensively assess the efficacy of the proposed RSAM,
commonly referred to as a recursive self-attention module-based
network (RSANet). The main contributions of this work can be
summarized as follows.

1) In contrast to existing methods that focus on either the
spectral bands or spatial dimensions, this paper introduces
a novel RSAM for image fusion tasks. It adopts a global-
to-local (G2L) strategy to integrate the feature represen-
tations among each spectral band and spatial pixel.

2) The customized G2L strategy establishes global depen-
dencies by calculating the similarity between individual
spectral bands and between spatial pixel points. Subse-
quently, local representations are established based on the
global information to capture the features at different res-
olutions, thereby enhancing the recovery of spatial details
in LRMS images.

3) We propose a straightforward end-to-end network,
RSANet, based on the concept of super-resolution. The
effectiveness of our method is validated by evaluating it on
three available datasets: QB, GF-2, and WV-3. The experi-
mental results demonstrate that our method achieves state-
of-the-art fusion performance while utilizing fewer param-
eters. In comparison to traditional methods, our method
effectively preserves both spatial details and spectral infor-
mation. Moreover, when compared with DL-based meth-
ods, our method demonstrates a better balance between
the fusion performance and the model parameters.

II. RELATED WORK

A. Traditional Image Fusion Methods

The traditional methods for PAN and LRMS image fusion can
be categorized into three distinct groups: component substitution
(CS) based methods, multi-resolution analysis (MRA) based
methods, and variational optimization (VO) based methods. The
main goal of CS-based image fusion methods is to replace the
low spatial resolution component (LR) in LRMS with PAN,
whereas LR is generally obtained through the transformation of
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LRMS images. Many pioneering fusion methods are based on
the CS, such as intensity-hue-saturation [25], Brovey transfor-
mation [26], principal component analysis, and Gram–Schmidt
(GS). As the comprehension of the task of fusion grew, nu-
merous new methods departed from the complexities of rigid
projection transformations, and many enhanced variants of this
concept were derived, including the Brovey transform with haze
correction [27], the adaptive GS (GSA) [28], band-dependent
spatial detail (BDSD) [29], and partial-replacement adaptive CS
(PRACS) methods [30]. The CS-based methods usually yield
superior visual effects, but they also introduce some spectral
distortion problems. The MRA-based image fusion method in-
volves performing spatial decomposition of PAN through some
transformation to extract the high spatial structure and incor-
porate it into the interpolated LRMS to obtain HRMS. Com-
monly known MRA-based methods include additive wavelet
luminance proportional (AWLP) [31], GLP with modulation
transfer function (MTF) matched filter (MTF-GLP) [32], and
smoothing filter-based intensity modulation [33]. The MRA-
based method surpasses the CS-based method in terms of fusion
results. However, it presents the challenge of spatial distortion.
The VO-based method is based on variational theory, which
considers the image fusion task to be an ill-posed problem and
applies a specified prior term to regulate the potential HRMS
[34], [35]. This method has good performance in spatial and
spectral preservation. Nonetheless, the limitations of these meth-
ods lie in their capability of tuning numerous hyperparameters
and shallow nonlinear representations [36], [37].

B. Deep Learning-Based Methods

The DL-based methods, in contrast to the three previous
traditional methods, are capable of extracting deep semantic
information from PAN and LRMS images, which greatly aids
the subsequent feature fusion. Meanwhile, the process of remote
sensing technology has enabled the accumulation of numerous
global surface images to be utilized for the training of neural
networks, giving the model a nonlinear fitting capability that is
not present in traditional methods. Specifically, Masi et al. [38]
utilized three convolution layers to learn the mapping of PAN
and LRMS images to HRMS. Despite achieving satisfactory
fusion results at that time, the three-layer network structure
lacked sufficient fitting capability of fully utilizing the spatial
information present in the PAN images. After savoring the
savor of neural networks, numerous fusion methods based on
DL were proposed. Among them, Yang et al. [39] designed
PanNet using residual structure. The successful amalgamation
of multiple residual blocks with the notion of detail injection
results in a fusion result that exhibits extensive spatial details.
Nevertheless, this method requires a substantial number of addi-
tional parameters. Xu et al. [40] devised a model-driven fusion
network influenced by the VO problem, GPPNN, which achieves
excellent fusion results while maintaining a certain range of
parameters. In addition, Chen et al. [41] devised a lightweight
network by exploring the kernel space.

C. Attention Mechanism

In general, the attention mechanism prioritizes the important
information among the numerous features and disregards the
majority of the irrelevant information. Attention mechanisms are
now extensively used in computer vision. Hu et al. [42] proposed
a channel attention mechanism that utilized a squeeze excitation
(SE) module to capture interchannel relationships. In contrast to
the SE channel, which solely focuses on channel information,
Woo et al. [43] combined spatial and channel attention to propose
a lightweight and generalized attention mechanism module that
represents a convolutional block (CBAM). Liu et al. [44] pro-
posed a temporal adaptive module, considering the importance
of cross-dimensional interactions. Liu et al. [45] redesigned a
global attention mechanism (GAM) using CBAM. Furthermore,
in the field of image fusion, Diao et al. [46] utilized the Infor-
mation Interaction Module (IIM) to exchange the feature maps
in the spatial attention subnetwork and the spectral attention
subnetwork, thereby ensuring compatibility between the feature
maps. In order to reduce the redundancy between features, Diao
et al. [47] proposed a fusion method combining convolutional
and Swin-transformer blocks. Lu et al. [48] utilized an adap-
tive feature learning block based on spatial-spectral interleaved
attention to construct a lightweight fusion network.

To summarize, the majority of DL-based methods can achieve
superior fusion results in comparison to CS-, MRA-, and VO-
based methods. However, these methods necessitate additional
storage space and hardware device support.

III. METHODOLOGY

In this section, we begin by defining the mathematical no-
tations used in this article. Subsequently, the procedure for
fabricating the proposed RSAM is explained. Following this,
we construct the basic recursive self-attention residual block
(RSARB) through RSAM. Finally, we embed these RSARBs
into RSANet, which is capable of obtaining details in different
dimensions of images while preserving more spatial details and
spectral information during the fusion process.

A. Notations

Let PAN and LRMS images be represented byP ∈ R1×rh×rw

and M ∈ Rb×h×w, where b represents the number of bands
in LRMS images, h and w represent the height and width
of the image, respectively. r is the ratio of spatial resolution
between PAN and LRMS images. In our proposed network, we
up-sample M by a factor of 4 to obtain M̄ ∈ Rb×rh×rw, and
M̃ ∈ Rb×rh×rw is obtained by fusing P with M . Furthermore,
in the reduced-resolution (RR) testing, the ground truth (GT) is
denoted as G ∈ Rb×rh×rw.

B. RSAM

As remote sensing images may exhibit significant variances
between homogeneous areas and minor variances between het-
erogeneous areas, it is imperative that the traditional convolu-
tional network incorporate multiple layers to expand the local
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Fig. 2. Overview of the RSAM architecture.

receptive field to the global area. This necessitates the accu-
mulation of multiple layers when capturing long-range feature
dependencies, resulting in a low level of learning efficiency. Fur-
thermore, transformer-based and attention-based methods use
the attention mechanism to establish long-range dependencies
and focus on important regions within a larger feature, but there
are too many matrix operations in their models, which leads to
a large amount of feature redundancy.

We propose the RSAM, which consists of two stages: spatial-
spectral similarity extraction and self-attention weight gen-
eration. We employ a G2L strategy to integrate the feature
representations between each spectral band and between each
spatial pixel point. In the first stage, we calculate the values
between different spectral bands and between each spatial pixel
point through a finite number of recursive attention mechanisms
in order to strengthen the connection between image regions
with high similarity. This will establish the global relationship
between LRMS and PAN images. In the interim, we incorporate
the ReLU activation function into each attention module to
enhance the nonlinear mapping capability of the model while
simultaneously eliminating insignificant information. As shown
in Fig. 2, in the spatial-spectral similarity extraction stage, we
project the input features into queries, keys, and values by using
three 1×1 convolutions. This can be formulated as
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where P1 represents a learnable parameter to represent the posi-
tion bias, and R(i, j) represents the local pixel region centered
at (i, j). Considering that remote sensing images may exhibit
significant variances between homogeneous areas and minor
variances between heterogeneous areas, we believe that relying
on only one self-attention module is not able to extract the
accurate similarity between each spectral band and between
each spatial pixel point, so we stack m self-attention modules
for extracting the accurate similarity between deep semantic
features. The similarity extraction process for the mth time can
be expressed as
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The second stage involves unfolding the global similarity fea-
tures obtained in the first stage and then calculating the similarity
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Fig. 3. Overall architecture of the proposed RSANet for image fusion.

of the local features. We then accurately represent the different
importance of these relatively important features in the current
localization through the sigmoid activation function. Finally, we
obtain the self-attention weights for each localization. This can
be formulated as
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where F in′
ij and Fm′

ij are the unfolded forms of the input features
and the output features of the first stage, respectively. W o

ij is
the corresponding attention weight at (i, j). F o

ij denotes the
corresponding tensor of the output feature at pixel (i, j).

C. RSARB

As shown in the dashed ellipse box in Fig. 3, we construct an
RSARB on the basis of the proposed RSAM. The purpose of
constructing RSARB is that there are two aspects, one of which
is the incorporation of the ReLU activation function between two
RSAM modules, which will allow RSAM to be more focused
on extracting useful information in the input features. The other
is the adoption of the classical residual structure, which will
prevent the gradient from disappearing while preserving the
crucial information extracted from the previous module. We
avoid designing a more complex residual structure, instead
employing the same structure as the original ResBlock [49]
to fully evaluate the effectiveness of RSAM. We replace the
convolutional layers in the original ResBlock with our proposed
RSAM to form RSARB.

D. RSANet

We designed an RSANet, which is a single-branch network
that is based on the concept of super-resolution [50]. We combine
the PAN and the LRMS after up-sampling by a factor of 4 as
the input to the network. Initially, the important information
of the paired images is extracted by a single RSAM + ReLU,
followed by the feeding of n RSAMs to perform adequate feature
extraction and fusion (n is a hyperparameter, and we set n to be 8
in order to balance the effect of the fusion and the parameters of
the network). Finally, the important information is reconstructed
by a single RSAM. In this way, RSANet can be represented as

f =

×n︷ ︸︸ ︷
RSAM

([
P, M̄

])
. (11)

We consider RSANet as an underfitted nonlinear function
f , so the ultimate goal of this function is to produce HRMS
images M̃ . Moreover, a global residual was designed based on
f in order to preserve more spectral information. The final M̃
was obtained by summing M̄ (up-sampled multispectral) with
the output of the network, thus this process can be represented as

M̃ = fθ
(
P ; M̄

)
+ M̄ (12)

where fθ denotes the fitted network. In supervised learning,
the fitted network is generally obtained by minimizing the
supervised loss. As mentioned before, in order to fully verify
the potential of RSAM, we do not design a more complex
network structure based on RSAM to achieve better fusion
results. Similarly, we simply follow the mean square error to
constrain the network training

L (θ) =
1

N

N∑
i = 1

||fθ
(
Pi; M̄i

)
+ M̄i −Gi||2 (13)

where N represents the number of samples in the training set.
G represents the ground truth, which is the goal of model
learning. Therefore, we use the neural network to fit the
nonlinear function to obtain our image fusion model.
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TABLE I
DETAILS INFORMATION OF THE QUICKBIRD, GAOFEN-2, AND WORLDVIEW-3 DATASETS

IV. COMPARATIVE EXPERIMENT

Extensive experiments are designed to examine the efficacy
of our proposed RSAM. First, we furnish comprehensive ex-
perimental settings that encompass datasets, evaluation metrics,
comparison methods, and implementation details. Subsequently,
we evaluate our methodology on three publicly available satellite
datasets and compare it with state-of-the-art methods.

A. Datasets

In order to contribute to sustainable development to some
extent, images from three satellites were selected as datasets
to thoroughly evaluate the performance of the RSAM, namely
QuickBird (QB), GaoFen-2 (GF-2), and WorldView-3 (WV-3)
[51]. All of them contain rich information on ground objects,
such as urban roads, geographic buildings, and parked vehicles.
Among them, LRMS images taken by QB and GF-2 satellites are
both in four bands, and LRMS images taken by WV-3 are in eight
bands. In all datasets, the spatial resolutions of the corresponding
PAN images are 0.61, 0.8, and 0.3 m, while the spatial resolutions
of the corresponding LRMS images are 2.44, 3.2, and 1.2 m.
The details of the three datasets are given in Table I. Since
the actual HRMS images were not available, following Wald’s
protocol [52], the images are first filtered by using the MTF
of each satellite, followed by downsampling with the nearest
interpolation to obtain the PAN and LRMS image blocks on the
low-resolution scale, and the original LRMS images are used as
the GT to ultimately obtain the datasets used for the training and
validation of the network. In particular, the simulation of the test
data is also the same as this process, and the test sets are divided
into a simulated dataset and a real dataset, which are used for
RR and full-resolution (FR) testing, respectively.

B. Evaluation Metrics

As previously stated, in accordance with Wald’s protocol, we
perform downsampling of both the original PAN and the LRMS
images and utilize the original LRMS images as the GT, so
five widely used reference metrics were selected to measure the
performance of the method, which are structural similarity index
measure (SSIM) [53], spectral angle mapper (SAM) [54], corre-
lation coefficient (CC) [55], Erreur Relative Global Adimension-
nelle de Synthese (ERGAS) [56], and peak signal-to-noise ratio
(PSNR) [57]. Moreover, we test the proposed RSAM directly on
the original PAN images and LRMS images, i.e., FR testing, so

we choose five nonreference reference metrics, which are spec-
tral distortion index (Dλ and DF

λ ), spatial distortion index (Ds),
and nonreference quality assessment [(QNR) and hybrid quality
with no reference (HQNR)] [58]. Since the QNR protocol may
consider details injected during the fusion process to be spectral
distortions, we employ Dλ and DF

λ to comprehensively evaluate
the spectral quality of the fused image. In turn, QNR and HQNR
are employed to comprehensively evaluate the overall quality of
the fused image [59]. Following are specific descriptions of ten
metrics.

1) Structural similarity index measure [53]

SSIM (x1, x2)

Δ
=

(2μx1
μx2

+ c1) (2σx1
σx2

+ c2) (σx1x2
+ c3)(

μ2
x1

+ μ2
x2

+ c1
) (

σ2
x1

+ σ2
x2

+ c2
)
(σx1

σx1
+ c3)

(14)

where x1 and x2 denote the fused image and GT, μ and σ denote
the mean and standard deviation of the image, respectively, and
c1, c2, and c3 denote unequal constants. SSIM is mainly used
to measure the loss of information and distortion between x1

and x2, with an ideal value of 1, which means that the value is
approximately close to 1, the better the information preservation
of the fused image.

2) Spectral angle mapper [54]

SAM (x1, x2)
Δ
= arccos

(
x1 · x2

‖x1‖ · ‖x2‖
)

(15)

where arccos is the inverse cosine function, which is used to
measure the angle between the spectral vectors of x1 and x2

under the corresponding pixel, so the SAM is mainly used as an
assessment of the spectral distortion of the fused results, with
an ideal value of 0, i.e., the closer the value is to 0, the better the
spectral preservation of the fused image is.

3) Correlation coefficient [55]

CC (x1, x2)
Δ
=

cov (x1, x2)

μx1
· μx2

(16)

where cov is the covariance. The CC is mainly used to measure
the correlation between x1 and x2. The ideal value of CC is 1.

4) Erreur Relative Global Adimensionnelle de Synthese [56]

ERGAS
Δ
= 100 · r

√√√√1

b

b∑
i=1

RMSE2 (bi)

M2 (bi)
(17)
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where r denotes the ratio of the spatial resolution of the PAN
images to that of the LRMS images, RMSE (bi) is the root-mean-
square error between the ith band ofx1 andx2. M (bi) is the mean
value of the original LRMS band bi. ERGAS is mainly used to
measure the error and the dynamic range situation between x1

and x2, and its ideal value is 0.
5) Peak signal-to-noise ratio [57]

PSNR (x1, x2)
Δ
= 10log10

p2max

(x1 − x2)
2 (18)

where p2max denotes the square of the largest possible pixel value
in an image. PSNR is mainly used to measure the distortion of
an image at the pixel level. The larger its value, the better.

6) Spectral distortion index (Dλ)

Dλ = p

√√√√ 1

b (b− 1)

b∑
i=1

b∑
j=1

|Q (xi, xj)−Q (Mi,Mj)|p

(19)
where p is a positive integer, Q is the Q index, and M is LRMS.

7) Spectral distortion index (DF
λ )

DF
λ = 1−Q2n (x1↓,M) (20)

where Q2n is a multivariate version of the Q index, and x1↓ is
the result of the spatial degradation of the fused image x1 by
the MTF matched filter. The spectral distortion between x1 and
LRMS is measured using Dλ and DF

λ in the absence of a GT.
The smaller its value, the better.

8) Spatial distortion index (Ds)

Ds =
q

√√√√1

b

b∑
i=1

∣∣Q (xi, P )−Q
(
M̄i, P

)∣∣q (21)

where q is a positive integer and P is PAN. The loss of spatial
detail is measured using Ds in the absence of a GT. The smaller
its value, the better.

9) Quality with no reference

QNR = (1−Dλ)
α (1−Ds)

β (22)

QNR is obtained by weighting Dλ and Ds.
10) Hybrid quality with no reference [58]

HQNR =
(
1−DF

λ

)α
(1−Ds)

β . (23)

The overall quality of fused images is measured by QNR and
HQNR, and its ideal value is 1.

C. Comparative Methods

In our comparison experiments, 14 state-of-the-art methods
are selected to compare with our proposed method. These
methods comprise three CS-based methods, namely GSA [28].
PRACS [30], and BDSD-PC [60]. In addition, we select three
MRA-based methods, namely AWLP [41], MTF-GLP-FS [61],
and MTF-GLP-HPM-R. Furthermore, we choose eight DL
methods, including PNN [38], PanNet [39], BDPN [62], GPPNN
[40], SpanConv [41], TANI [46], TRRNet [47], and AWFLN
[48].

D. Training Details

All the comparative methods are trained and tested on the
same device to ensure fairness. We use Python3.7 and the Py-
Torch framework to implement the methods on the Ubuntu 20.04
platform. Furthermore, two NVIDIA GeForce GTX 3060 are
used for training and testing. Betas and weight decay are set to
(0.9, 0.999) and 0, respectively, in the Adam optimizer. The loss
function can be seen in (13) and train the model 600 epochs, the
batch size is set to 32. In order to achieve better performance, we
initialize the learning rate at 0.0003 and multiply it by 0.9 every
100 epochs. For the traditional methods, we use the MATLAB
platform for implementation and comparison.

E. Results on QB Dataset

We first conduct qualitative experiments on the QB dataset
to verify the subjective performance of RSANet. The RR test
results are shown in Fig. 4. The lower left corner is the zoomed-in
area of the red box. It can be clearly seen that the CS-based
method shows obvious spatial and spectral distortions, in which
the fusion result of CS-based methods distorts the color of the
vegetation next to the road into an inhomogeneous sepia color. A
similar situation occurs with the three MRA-based methods. In
the zoomed-in area, the fusion results of MRA-based methods
have blurred road boundaries and are almost integrated with
the area outside the roadway, which is not conducive to the
subsequent detection and planning of road intersections. As for
the DL-based methods, the fusion results of PNN and BDPN
are even worse than the traditional methods, with overall severe
spatial and spectral distortions and the appearance of colors in
the zoomed-in regions that were not present in LRMS and GT.
In comparison, the fusion results of PanNet and GPPNN present
a slight spectral distortion along with road boundary discontinu-
ities. As regards the spatial resolution, PanNet shows the obvious
spatial distortion in the zoomed-in region. The fusion results of
GPPNN and SpanConv show the extension of the lawn localiza-
tion to the pavement region with different degrees of severity,
which is a common problem of DL-based methods. The fusion
results of TANI and TRRNet have better spectral distributions
but introduce some unreasonable impurities at the road edges. In
contrast, AWFLN and our method achieve the best fusion results.
Moreover, the fusion results of AWFLN have a darker overall
color in the lawn region compared to GT. Nevertheless, our
method achieves the best spectral preservation, which is almost
the same as GT. Furthermore, the last six DL-based methods
are even better than PAN in terms of spatial details in subjective
visualization, as evidenced by a clearer middle demarcation line
of the road in the zoomed-in region, which is more conducive to
the subsequent road detection task in this scenario, even though
it may not be in line with the real ground situation.

The FR test results are shown in Fig. 5. The lower left
corner is the zoomed-in area of the red box. It can be seen that
the CS-based methods perform very poorly from a subjective
visual perspective, and they show serious distortions on the
whole. The fusion results of FS and HPM-R are very close to
each other, and they both show a somewhat spectral distortion.
In contrast, the performance of PNN, PanNet, and BDPN is
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Fig. 4. Qualitative comparison under the RR testing on QB dataset.

Fig. 5. Qualitative comparison under the FR testing on QB dataset.

the least satisfactory as both exhibit serious spectral distor-
tions. Furthermore, the fusion results of PNN exhibit a general
yellowish hue, whereas those of PanNet exhibit a general grayish
hue. In conclusion, the latter six DL-based methods all achieve
different degrees of balance in spatial and spectral preservation.
The fusion results of GPPNN and TRRNet show a slight spatial
distortion and two white noises in the zoomed-in region that
are not present in the original image pair. The fusion results of

TANI show a slight spectral distortion. Furthermore, the fusion
results of SpanConv and AWFLN may appear to be inconsistent
with the actual situation, as evidenced by the zoomed-in region
showing excessive smoothness. Overall, our proposed RSANet
achieves the best fusion results, which provides a good basis for
subsequent tasks.

We conduct quantitative experiments to further validate the
objective performance of RSANet. As given in Table II, the best
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TABLE II
QUANTITATIVE COMPARISON OF QUICKBIRD DATASET

Fig. 6. Qualitative comparison under the RR testing on GF-2 dataset.

values are shown in bold. It can be seen that our proposed method
achieves the best scores on six metrics. Specifically, in the RR
testing, our method performs best on four metrics, i.e., SSIM,
CC, ERGAS, and PSNR, which means that our method best pre-
serves spatial details and spectral information. In the FR testing,
we do not perform the best on two spectral distortion indices, i.e.,
Dλ and DF

λ , but achieve the best scores on Ds and QNR. QNR
has the potential to consider the spatial details injected as spectral
distortion during fusion. We can see that the fusion results of
AWFLN retain more spectral information when combined with
the qualitative analysis, resulting in a slight decrease in our
method’s performance compared to AWFLN on HQNR. Despite
this, the parameters of our method are slightly smaller than those
of AWFLN, which demonstrates that our method better balances
fusion performance and model parameters.

F. Results on GF-2 Dataset

To further verify the subjective performance of RSANet, we
conduct qualitative experiments on the GF-2 dataset. As shown

in Fig. 6, in the RR testing, the lower left region shows the
zoomed-in state of the purple features in the red box. The
results of GSA, PRACS, and BDSD-PC show obvious spectral
distortion compared with the GT, which is a common problem
of CS-based methods. As shown by the distortion of black
features into gray, which can easily mislead the detection of
some disasters. For the MRA-based methods, both AWLP and
FS show a certain degree of spatial distortion. Their fused results
appear vertiginous as a whole, a situation that is not conducive to
the detection of urban expansion and thus leads to a greater stress
on land resources. With respect to the DL-based methods, the
results of PNN show spatial distortions. The results of PanNet
and BDPN show slight spatial and spectral distortions, which
may be caused by the lack of useful information extracted.
The lack of spectral information can cause misunderstandings
in feature recognition and is insufficient for natural resource
detection. Meanwhile, the fusion results of GPPNN are very
close to those of PanNet, and the fusion results of GPPNN
are darker. Furthermore, there is some slight spectral distortion
in the fusion results of SpanConv and AWFLN, as evidenced
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Fig. 7. Qualitative comparison under the FR testing on GF-2 dataset.

TABLE III
QUANTITATIVE COMPARISON OF GAOFEN-2 DATASET

by the overall mauve coloration of the purple region in the
zoomed-in area. In contrast, our method demonstrates the closest
deep purple color to GT in the lower left corner. It performs the
best overall. However, there is still a certain gap compared to
GT, which also alleviates the possible misunderstanding of the
subsequent tasks to some extent.

We can see similar results in Fig. 7, where the upper right
area is the zoomed-in area of the building in the red box. It
can be seen that the fusion results of all the traditional methods
exhibit significant spectral distortion, as evidenced by the purple
building color being too light in the zoomed-in local area. For
DL methods, the fusion results of PNN exhibit severe spatial
and spectral distortions. The fusion results of PanNet, TANI,
and TRRNet exhibit slight spectral distortions. Furthermore,
the fusion results of BDPN, GPPNN, and AWFLN show slight
spatial distortion, as evidenced by the introduction of some black
noise in the zoomed-in region. In contrast, SpanConv and our
method show the best subjective visualization.

Simultaneously, we conduct quantitative experiments on the
GF-2 dataset, as given in Table III. In the RR testing, our method

achieves the best scores on SAM and ERGAS, which means that
our method retains the most spectral information. Meanwhile,
our method achieves second place in the other three metrics. In
the FR testing, our method achieves second place on QNR and
the best score on HQNR as well as SpanConv, which means that
the overall quality of the fused images of our method is in the first
tier. In terms of parameters, our method has parameters that are
29.5× lower than those of TRRNet and 5.7× higher than those of
SpanConv at the same time. To summarize, SpanConv achieves
good fusion results despite having the smallest model parame-
ters. However, our method achieves optimal fusion results while
limiting the model parameters to a minimal order of magnitude.

G. Results on WV-3 Dataset

We perform the same test on the more challenging 8-band
dataset (WV-3 dataset), which contains realistic scenes of
buildings, green vegetation, water scenarios, and roads. As
shown in Fig. 8, in the RR testing, the lower right area is the
zoomed-in area near the road in the red box. It can be seen that
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Fig. 8. Qualitative comparison under the RR testing on WV-3 dataset.

the three CS-based methods show serious spatial and spectral
distortion, which is manifested in the fact that they distort the
roadside water body region in the zoomed-in area into gray.
Similar to their performance on other datasets, the MRA-based
methods show obvious spatial distortion. Their fusion results are
generally blurred, with the fusion results of AWLP accompanied
by slight spectral distortion. For the DL-based methods, PNN
shows local regional spectral distortion in the zoomed-in region,
which is manifested in the middle of the road being distorted
into a weird purple color. It is very detrimental to the road
screening work. PanNet shows the same problem as PNN but
with a different distortion localization. Specifically, the fusion
results of PanNet distort the area of the water body next to the
road into a purple color, which is very far from the real situation.
In contrast, the fusion results of BDPN, GPPNN, SpanConv, and
TRRNet do not present much of a problem but show a very slight
spectral distortion of the road area on the left in the zoomed-in
region. The remaining TANI, AWPLN, and our method show
similar blending effects. However, our method has a darker color
in the center of the road in the zoomed-in area. Meanwhile,
our method shows smoother performance in the road region. In
comparison, our method achieves the best subjective effect.

As shown in Fig. 9, in the FR testing, the lower left region is the
zoomed-in area of the vehicles in the red box. The CS-based and
MRA-based methods demonstrate good subjective visualization
but still show slight spatial and spectral distortion in some
regions. It is obvious that PRACS, AWLP, and PNN all show spa-
tial distortion, specifically in the form of ghosting of each other’s
vehicles between neighboring vehicles. These are detrimental to
vehicle detection and road planning. As for PanNet, its fusion
results show obvious spectral distortion and the overall effect
is not as good as the traditional methods. The results of BDPN
show spatial distortion. Meanwhile, it can be clearly seen that the

fusion results of GPPNN, SpanConv, TANI, and TRRNet show
local regional spectral distortion, which is manifested in the fact
that they distort the color of some vehicles in the zoomed-in
area into other colors. The fusion results of AWPLN exhibit a
slight spatial distortion. Compared with PAN and LRMS, our
method retains more details of vehicle edges, and the individ-
ual vehicle spectral information is not affected by neighboring
vehicles.

Furthermore, the results of the quantitative comparison are
given in Table IV. In the RR testing, our method has the highest
values on three metrics, i.e., SSIM, ERGAS, and PSNR. The
remaining two metrics rank behind AWPLN by a narrow
margin. In the FR testing, our method achieves the best scores
in terms of Ds, QNR, and HQNR. It indicates that despite the
fact that the fused image is not the best in terms of spectral
information preservation, the more reasonable spatial details
contribute to the overall superiority of the fused image. In terms
of parameters, it is noteworthy that the model parameters of our
method are significantly smaller than those of the second-place
finisher, indicating that our method achieves the optimal balance
between fusion performance and model parameters even on an
eight-band dataset.

V. ABLATION STUDY

In this section, we conduct ablation experiments from three
perspectives to verify the performance of RSAM. 1) The two
stages of RSAM are treated with ablation experiments. Par-
ticularly, in the spatial-spectral similarity extraction stage, the
number of recursions (i.e., the value of m) is analyzed. In the
self-attention weight generation stage, the effect of the last step
of the operation (the last self-attention module) is analyzed. 2)
Analyze the effect of the number of RSAMs (i.e., the value
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Fig. 9. Qualitative comparison under the FR testing on WV-3 dataset.

TABLE IV
QUANTITATIVE COMPARISON OF WORLDVIEW-3 DATASET

of n) on the model performance and parameters. 3) Compare
the proposed RSAM with other attentional models in the same
model framework. It is worth noting that the number of recur-
sions in the first stage of the proposed RSAM is 3, while the
number of RSAMs in the proposed RSANet is 8 (i.e., m = 3,
n = 8). In order to better validate the performance of RSAM,
we perform all ablation experiments on the more challenging
eight-band dataset (WV-3 dataset).

A. Number of Recursions and the Effect of the Last Step

In the spatial-spectral similarity extraction stage, we conduct
experiments to verify the effect of the number of recursions on
the similarity extraction capability. The results of the qualitative
experiments are shown in Fig. 10, with the red box enlarged in
the lower left corner. The RR testing shows that the fusion results
exhibit a slight spectral distortion when m = 0, as shown by the
dark green color of the vegetation in the lower right corner of

the image and the gray-green color in the GT. As the number of
recursions increases, the spectral distribution of the fused image
becomes increasingly similar to that of GT. At an m value of
4, the fusion results exhibit excessive spatial detail, resulting
in an unreasonable spectral distribution, as evidenced by the
yellow hue of the vegetation in the upper right corner of the
pool. In the FR testing, it can be seen that the spatial details
and spectral distribution of the fused image get closer to the
original image pair as the number of recursions increases. The
quantitative experiments are presented in Table V, wherein the
proposed RSANet achieves the best values on all five referenced
metrics in the RR testing. In the FR testing, RSANet excels on
Dλ and QNR, while RSANet (m = 4) excels on DF

λ and HQNR.
This is attributed to the fact that the details injected during
fusion may be regarded as spectral distortions in QNR, which
is in accordance with the findings of the qualitative analysis.
Combining the results of qualitative and quantitative experi-
ments, the proposed RSAM can achieve the best performance.
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Fig. 10. Qualitative comparison of the number of recursions and the effect of last step. (a) RR testing. (b) FR testing.

TABLE V
QUANTITATIVE COMPARISON OF THE NUMBER OF RECURSIONS AND THE EFFECT OF THE LAST STEP

When the number of recursions is three, RSAM is capable of
achieving a satisfactory balance of the similarity between the
extracted individual spectral bands and the similarity between
spatial pixel points. Meanwhile, the results show more spatial
details when the number of recursions is four, which breaks the
balance between spectral and spatial information and leads to
unreasonable spectral distributions.

On this basis, we fix the number of recursions and then remove
the self-attention module in the self-attention weight generation
stage to verify the criticality of the last step operation. The
results of the qualitative experiments are shown in Fig. 10,
where w/o L denotes the removal of the last step operation.
In the RR testing, the spatial details and spectral distributions
in the fused image do not change as the number of recursions
in the first stage when the last step is removed. This is evident
from the fact that the swimming pool portion in the lower left
corner exhibits obvious spectral distortion. In FR testing, the
white vehicle in the enlarged region after removing the last step
shows obvious spatial distortion when m = 1. Meanwhile, when
m = 2, m = 3, and m = 4, the fusion results after removing the
last step show obvious spectral distortion, which is specifically
manifested in the appearance of a yellow halo around the white
vehicle in the enlarged region. This is inconsistent with what
is presented by PAN and LRMS. As given in Table V, the

quantitative results of removing the last step are much smaller
than those of RSANet under the same parameters. The reason
for this is that the proposed RSAM adopts a G2L strategy,
and in the spatial-spectral similarity extraction stage, we ade-
quately extract the similarity between each spectral band and
each spatial pixel point to establish global dependencies by the
RSAMs. In the self-attention weight generation stage, we feed
the global similarity information extracted in the first stage into
the last self-attention module (also referred to as the last step)
in blocks to establish dependencies between each localization.
Subsequently, we accurately represent the importance of the
important features in each localization through the sigmoid
activation function and finally obtain the self-attention weights
of each localization. Finally, we get the self-attention weight of
each localization. Therefore, the last step is imperative.

B. Number of RSAMs

As the proposed RSANet is primarily based on RSAMs, the
number of RSAMs is an important factor that has an impact
on both the fusion performance and model parameters. We test
five designs of RSANet to evaluate the impact of the number of
RSAMs. The results of the qualitative experiments are shown in
Fig. 11, where n is the number of RSAMs. In the RR testing,
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Fig. 11. Qualitative comparison of the number of RSAMs. (a) RR testing. (b) FR testing.

TABLE VI
QUANTITATIVE COMPARISON OF THE NUMBER OF RSAMS

the bottom left corner shows the zoomed-in effect of the red
box. When the value of n is between 2 and 6, the fusion results
show obvious spectral distortion, which is evident in the overall
light color of the orange building. In contrast, the proposed
RSANet has a spectral distribution similar to that of GT. In the
FR testing, the top right corner is the zoomed-in effect of the red
box. It is evident that as the number of RSAMs increases, the
spatial details and spectral information on the wagon become
increasingly detailed. However, when n = 10, the increased
spatial details result in unreasonable spectral distributions, as
evident by the distortion of some of the color information on the
sedan to the road surface.

We also conduct quantitative experiments, and the results
are given in Table VI. In the RR testing, as the number of
RSAMs increases, the fusion results of RSANet become better
in terms of the average values on the five referenced metrics.
The scores on the five metrics decrease slightly with n = 10
but more stable quantitative results are obtained, as evidenced
by the smaller standard deviations on the three metrics of
SSIM, ERGAS, and PSNR. In the FR testing, as the number of
RSAMs increases, the performance of the fused images on the
nonreference metrics improves. When n = 10, the value of QNR
decreases while the value of HQNR increases. This is due to
the unreasonable spectral distribution caused by injecting some
spatial details into the fused image. In general, the number of
RSAMs exhibits a positive correlation with the performance of
fusion. Furthermore, the model parameters increase on average
by 0.03M for each additional RSAM. Therefore, the proposed
RSANet (i.e., n = 8) achieves the best balance between fusion
performance and model parameters.

C. Compare With Other Attention Mechanisms

To further validate the performance of RSAM, we compare
it objectively against other attention modules within the same

modeling framework. The model framework follows the struc-
ture shown in Fig. 3 (m = 8). Furthermore, we select four
attention modules, mainly comprising two generalized atten-
tion modules (CBAM and GAM) and two image fusion-based
attention modules (IIM and SWM), of which IIM and SWM are
the basic modules used in the comparison methods TANI and
TRRNet, respectively.

The results of the qualitative experiments are shown in Fig. 12,
with the effect enlarged by the red box located in the lower left
corner. In the RR testing, the CBAM- and IIM-based fusion
results show obvious spatial and spectral distortion. Meanwhile,
a slight spectral distortion can be seen in the zoomed-in area of
the GAM-based fusion results. In the lower right corner of the
zoomed-in area of the SWM-based fusion results, purple pixel
points are observed between the vegetation gaps, whereas they
are not observed in GT. Although our proposed method still
has some gaps compared to GT, the overall spatial details and
spectral distributions of the fused images are roughly the same
as GT. In the FR testing, the fusion results based on CBAM and
IIM show significant spectral distortion. The zoomed-in region
shows that our proposed method remains largely consistent with
the original image pair in terms of spatial details and spectral
information. The results of the qualitative experiments are given
in Table VII. In the RR testing, our method achieves the best
mean values on five metrics and the smallest standard deviations
on four metrics. In the FR testing, despite our method failing to
achieve optimal results on the two spectral distortion metrics, it
achieves superior results on the spatial distortion metrics, which
are reasonably spatially detailed to drive the fused images to
achieve better spectral distributions. As a result, our method
achieves optimal results on the two metrics QNR and HQNR.
Combining both the qualitative and quantitative experimental
results, it can be concluded that the proposed RSAM exhibits
better performance compared to other attention modules within
a specific model framework.
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Fig. 12. Qualitative comparison with other attention mechanism. (a) RR testing. (b) FR testing.

TABLE VII
QUANTITATIVE COMPARISON WITH OTHER ATTENTION MECHANISMS

VI. DISCUSSION

Considering the performance of the fusion effect and the
limitations of hardware specifications in practical application
scenarios, we propose a novel RSAM to effectively balance
fusion performance and model parameters. Our method is able
to preserve more spatial details and spectral information than
traditional image fusion methods, which is mainly due to the
fact that traditional methods can only focus on either the spatial
domain or the spectral domain. In contrast, the proposed RSAM
employs a G2L way to capture the global interdependencies
of two distinct local locations in the feature map, which can
consider both spatial and spectral information simultaneously
and can establish global and local dependencies to better extract
and retain important information. Our method is more efficient
than traditional CNN fusion networks because conventional con-
volution requires many layers to be stacked to extend the local
receptive field to the global area, whereas our method achieves
the best experimental results in comparative experiments by
stacking only eight RSAMs. Compared with other attention
modules, our method is capable of establishing the global and
local dependence between spectral bands and spatial pixel points
while focusing on more mutual information between spectral
and spatial dimensions, which allows for more spatial details
and spectral information to be preserved under complex remote
sensing images. Overall, our method has a relatively small num-
ber of parameters, which contributes to superior fusion results.
However, this compromises the timeliness of the model in part
due to the large number of matrix multiplication operations
required for attention in the module. In the subsequent work,
we intend to enhance the time efficiency of the model to better
cater to the requirements of Earth observation.

VII. CONCLUSION

In this work, we design a novel RSAM, which employs the
G2L strategy to establish global dependencies by calculating

the similarity between individual spectral bands and between
spatial pixel points. Then, establishes local representations with
the global information, which is capable of capturing features
of different resolutions and better recovering spatial details in
multispectral images. Furthermore, we design the correspond-
ing residual block RSARB by RSAM and constitute RSANet.
RSANet can achieve the best fusion effect with a small number
of parameters on three publicly available satellite datasets. It
shows that our method has a strong feature learning ability for
important information, which provides basic technical support
for observing global resource and environmental conditions,
thus promoting sustainable human development.

Despite the fact that the proposed method achieves a better
balance between fusion performance and model parameters,
there remain some noteworthy concerns that require further
investigation. In our experiments, we use Wald’s protocol for
model training, which is not able to fully simulate the physical
degradation process in the real world. It is necessary to further
study the degradation process in the real world and then simulate
it in order to improve the performance of supervised learning. In
the meantime, we intend to utilize the self-supervised learning
method to mine the information from remote sensing images for
training on real data. Furthermore, since fusion methods based
on DL are constrained by various aspects in application scenarios
such as on-board processing, we also intend to develop more
lightweight models to provide the possibility of on-board fusion
for DL as well as the prerequisites for subsequent detection
tasks.
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