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A novel cross fusion model with fine-grained detail reconstruction for remote 
sensing image pan-sharpening
Chuang Liu a, Zhiqi Zhang a,b, Mi Wang b, Shao Xiang b and Guangqi Xie a,b

aSchool of Computer Science, Hubei University of Technology, Wuhan, China; bState Key Laboratory of Information Engineering in 
Surveying, Mapping, and Remote Sensing, Wuhan University, Wuhan, China

ABSTRACT
Pan-sharpening aims to obtain high resolution multispectral (HRMS) images by integrating the 
information in the panchromatic and multispectral images. Existing pan-sharpening methods 
have demonstrated impressive sharpening performance. However, these methods inherently 
overlook the complementary characteristics and interaction between diverse source images, 
resulting in sharpened outcomes accompanied by distortion. To solve the above problems, we 
construct a novel cross fusion model with fine-grained detail reconstruction from the perspec
tive of frequency-domain. The motivation of the model is twofold: (1) to reconstruct spatial 
detail representations from diverse source images, laying the foundation for the generation of 
fine details in the subsequent fused images; and (2) to enhance the interaction between 
diverse source features during the fusion process in order to attain high-fidelity fusion out
comes. Based on the theoretical model, we develop a frequency-spectral dual domain cross 
fusion network (CF2N) utilizing the deep learning technique. Consequently, the CF2N consist of 
two main stages, namely frequency-domain dominated detail reconstruction (FD2R) and 
frequency-spectral cross fusion (FSCF). Specifically, a more reasonable reconstruction of fine 
frequency details in HRMS can be achieved by performing adaptive weighted fusion of 
frequency details in the FD2R stage. Furthermore, the FSCF module, which seamlessly inte
grates frequency- and spectral-domain details in a highly interactive cross fusion manner. As 
a result, the CF2N possesses the capability to attain high frequency-spectral fidelity results with 
excellent interpretability. Extensive experiments show the superior performance of ours over 
state of the art, while maintaining high efficiency. All implementations of this work will be 
published at our website.
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1. Introduction

The rapid advancement of satellite and sensor tech
nologies has led to the widespread utilization of 
remote sensing (RS) images. High-resolution multi
spectral (HRMS) images are a prerequisite for the 
successful execution of downstream vision tasks such 
as RS classification (Tariq et al. 2022; Xu et al. 2023; 
Zhang et al. 2023) and detection (Li et al. 2022; Wang 
et al. 2023; Zuo et al. 2024). Further, the accuracy of 
these tasks can provide strong technical support for 
disaster warning (Anno et al. 2023; Masoumi and 
Genderen 2023) and geological survey (Zhang et al.  
2022b; Liu et al. 2023b; Cheng and Li 2023). However, 
the limitations of physical conditions make it impos
sible to acquire HRMS directly from a single satellite 
sensor. Consequently, only paired panchromatic 
(PAN) and multispectral (MS) images can be obtained 
from different sensors. In order to cater to the require
ment of downstream applications, the process of PAN 
and MS image fusion, commonly referred to as pan- 
sharpening, has been initiated. The objective of pan- 

sharpening is to comprehensively exploit the informa
tion present in diverse source images, ultimately lead
ing to HRMS images with fine-grained spatial texture 
and high spectral fidelity.

So far, pan-sharpening methods can be broadly 
categorized into traditional methods and deep learn
ing (DL) methods. Most traditional methods employ 
the linear transformation to manually extract features 
from diverse source images. These methods are 
favored by some RS software, such as ENVI and PCI, 
owing to their high efficacy and independence from 
hardware devices. However, the features obtained 
from these methods exhibit limited representation 
capabilities and are incapable of adapting to intricate 
sharpening scenarios. Recently, with the increase in 
the means of data acquisition, data-driven DL meth
ods have been extensively studied (Bouasria et al.  
2022; Li et al. 2024). Various novel techniques have 
been introduced into the field of pan-sharpening, such 
as residual learning (Yang et al. 2017a), attention 
mechanism (Zhang et al. 2022a) and multi-branch 
structure (Jian et al. 2023). These techniques 
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significantly enhance the representation capability 
across diverse source data and enable DL-based meth
ods to surpass traditional methods in terms of shar
pening performance. According to the fusion 
pipelines, existing DL-based methods can be categor
ized into super-resolution (SR)-based image dimen
sion concatenation methods (Cai and Huang 2021; Jin 
et al. 2022), dual branch-based feature dimension con
catenation methods (Zhang et al. 2019; Zhang et al.  
2022a) and detail injection-based methods (Deng et al.  
2021; Lu et al. 2022) The pan-sharpening task is trea
ted as a SR problem in SR-based methods, as shown in 
Figure 1(a). The SR-based fusion pipeline, akin to the 
common single-input SR architecture, takes the PAN 
and MS as the input to the network after channel-wise 
concatenation. Subsequently, the mapping of the input 
to HRMS is learned through the designed SR network. 
The dual branch-based feature dimension concatena
tion methods take into account different modal dis
crepancies between original image pairs, as illustrated 
in Figure 1(b). They employ two sub-networks to 
parallelly extract the shallow features of the PAN and 
MS, followed by feature dimension concatenation, and 
finally integration of the feature through a feature 
extraction sub-network. Some methods (Diao et al.  
2022) employ the same sub-networks to extract shal
low features from diverse source images, which makes 
them similar to the pipeline in Figure 1(a) with excep
tion of the feature dimension concatenating. As 
depicted in Figure 1(c), some studies (Chen, Liu, and 
Fang 2024; Ke et al. 2023) have utilized the nonlinear 
fitting capability of deep neural networks (DNNs) to 
obtain a nonlinear injection gain. This can alleviate the 

distortion caused by the linear injection gain obtained 
from the traditional detail injection-based methods.

From the perspective of the fusion pipelines, exist
ing DL methods can be roughly classified into three 
classes. In general, the first type of methods implicitly 
constructs relationships through DNNs without con
sidering the unique characteristics of PAN and MS 
images. This renders DNNs incapable of effectively 
utilizing the characteristics of diverse source images, 
resulting in the loss of crucial information. The second 
type of methods extracts features from diverse source 
images separately. In most cases, the second class of 
methods is superior to the first in terms of fusion 
performance due to its consideration of the unique
ness of diverse source data. However, experiments 
have revealed that in the event of severe image degra
dation, the fusion outcomes exhibit apparent spatial 
and spectral distortions (Yang et al. 2017a; Zhang et al.  
2022a). This is attributed to inadequate interaction 
between diverse source features during the fusion 
stage, resulting in the loss of significant complemen
tary information. In addition, interpreting and expli
cating the behavior of the above two types of 
methodologies proves to be arduous, as they lack 
interpretability due to their predominant empirical 
design frameworks (Mai, Lam, and Lee 2022; 
Truong, Lam, and Lee 2024). The third category of 
methods has the potential to enhance the interpret
ability of DL models by combining the classical fusion 
pipelines with DL techniques. They take the differ
ences between PAN and up-sampled MS (UPMS) 
images as the representation of the spatial information 
that subsequent DNNs need to learn. However, the 

Figure 1. Fusion pipelines used by existing dl-based pan-sharpening methods. (a) SR-based image dimension concatenation 
methods. (b) Dual branch-based feature dimension concatenation methods. (c) Detail injection-based methods. (d) A novel cross 
fusion model with fine-grained detail reconstruction we proposed, which reconstructs the unique and complementary detail 
representation in diverse source images and integrates frequency-spectral details utilizing a cross fusion manner.
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unique and complementary spatial information pre
sent in MS is overlooked in this representation of 
detail. It is well-known that PAN and MS images are 
imaged by different sensors, and that radiometric dis
crepancies exist between them. This means that the 
HRMS images contain spatial details that are absent in 
PAN but present in MS (Choi, Yu, and Kim 2011). In 
other words, it is possible to obtain fused images with 
finer textures by considering the spatial information 
present in both PAN and MS images. As a result, the 
limitations of the above three categories of methods 
are mainly attributed to two aspects: (1) insufficient 
exploration and integration of spatial information 
from diverse source images, resulting in a limited 
representation of the spatial information fed to the 
subsequent DNNs; and (2) during the fusion phase, 
there is inadequate interaction between the diverse 
domains, resulting in the apparent distortion of fusion 
outcomes appearing in one domain, spatial or spectral.

In order to eliminate the limitations, we con
struct a novel cross fusion model with fine-grained 
detail reconstruction, as shown in Figure 1(d). The 
model attempts to reconstruct the detail injection 
model from the perspective of the frequency 
domain in two aspects. This investigation explores 
the uniqueness and complementarity between the 
frequency information in diverse source images, 
taking into account the existence of details in the 
MS that are complementary to those in the PAN. 
This will serve as guidelines for the generation of 
frequency details in the fused image. On the other 
hand, realizing the importance of the interaction 
between the information in diverse domains, we 
introduce a spectral term based on the above. The 
spectral term aims to deeply cross-fuse the fre
quency details with corresponding spectral details, 
leading to a more reasonable spectral distribution 
in the fused image. Guided by the theoretical 
model, we develop a frequency-spectral dual 
domain cross fusion network utilizing DL techni
ques, commonly referred to as CF2N. The CF2N 
consists of two main stages: frequency-domain 
dominated detail reconstruction (FD2R) and fre
quency-spectral cross fusion (FSCF). In the FD2R 
stage, the discrete wavelet transform (DWT) is 
introduced to investigate the representation of 
details between characteristics from diverse source 
images. The DWT is capable of preserving the 
frequency details in the original image pairs due 
to its reversibility. In the meantime, we perform 
adaptive weighted fusion on the frequency details 
and the corresponding position information, which 
comprehensively considers the unique and comple
mentary information in diverse source images, 
thereby facilitating the reconstruction of 
fine-grained frequency details. Moreover, the 
FSCF module (FSCFM) provides a concrete 

implementation of the spectral terms in the con
structed model. It has been specifically engineered 
to integrate both frequency and spectral details in 
a highly interactive cross fusion manner, resulting 
in fused images with exceptional frequency-spectral 
fidelity. Our proposed method outperforms existing 
methods in terms of both performance and effec
tiveness, showing the advantages of the proposed 
methodology. Experiments in real-world scenarios 
further demonstrate that our method exhibits better 
generalization capability. The following contribu
tion can be drawn.

(1) Considering the unique and complementary 
characteristics and the interaction between 
diverse source images, a novel cross fusion 
model with fine-grained detail reconstruction is 
constructed, which aims to preserve the fre
quency-spectral details in diverse source images. 
Guided by this theoretical model, we propose an 
efficient network known as CF2N, comprising of 
two main stages, namely FD2R and FSCF. The 
CF2N is capable of achieving high frequency- 
spectral fidelity outcomes with excellent 
interpretability.

(2) The FD2R investigates a comprehensive repre
sentation of spatial information from 
a frequency-domain perspective, which is cap
able of adaptively weighting frequency informa
tion from various directions in diverse source 
images to obtain fine-grained details. The recon
structed details can provide the foundation for 
the generation of fine details in the subsequent 
fused images.

(3) Realizing the significance of the interaction 
between information across diverse domains, 
we have constructed the FSCFM, which pro
vides a concrete implementation of the spec
tral terms in the constructed model. The 
FSCFM is capable of seamlessly integrating 
frequency and spectral details in a highly 
interactive manner, thereby achieving fusion 
outcomes with high frequency-spectral 
fidelity.

(4) Extensive experiments and comparative ana
lyses on five datasets demonstrate that the pro
posed method is capable of achieving high 
frequency-spectral fidelity sharpening out
comes in homogeneous fusion tasks, such as 
MS image pan-sharpening and hyperspectral 
(HS) image pan-sharpening, while maintaining 
a high level of efficiency. The robust general
ization capability and scalability of the pro
posed methodology are further confirmed by 
extended experiments conducted on heteroge
neous fusion task, i.e. synthetic aperture radar 
(SAR)-optical fusion.
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2. Related work

2.1. Traditional pan-sharpening methods

Several studies have classified traditional pan- 
sharpening methods into three categories, namely 
component substitution (CS), multi-resolution analy
sis (MRA) and variational optimization (VO) (Vivone 
et al. 2021; Misra et al. 2023a). The spatial components 
of the UPMS are substituted by PAN in CS-based 
methods. Due to the complete retention of informa
tion within the PAN, they exhibit high spatial fidelity. 
However, these methods are susceptible to severe 
spectral distortion due to rigid transformation opera
tions. This category includes methods such as the 
adaptive Gram Schmidt (GSA) (Aiazzi, Baronti, and 
Selva 2007), the partial replacement adaptive CS 
(Choi, Yu, and Kim 2011) and BDSDPC (Vivone  
2019). Different from CS, the MRA-based methods 
focus on improving spectral fidelity. They use MRA 
tools to extract spatial information from PAN without 
disrupting the spectral distribution of the original MS. 
The additive wavelet luminance proportional (AWLP) 
(Otazu et al. 2005) and morphological filters (MF) 
(Restaino et al. 2016) are the predominant methods 
based on MRA. However, perfection remains elusive. 
MRA-based methods are difficult to extract sufficient 
spatial details under the premise of maintaining high 
spectral fidelity, which makes them vulnerable to spa
tial blurring. A method called BFLP was proposed to 
enhance the spatial fidelity, but its effectiveness 
depends on the precision of the parameter settings 
(Kaplan and Erer 2014). The VO-based methods com
prise two fundamental stages, i.e. constructing the 
energy function and computing the optimal solution. 
Early VO-based methods mainly relied on constructed 
models through compressive sensing and dictionary 
learning. In recent times, numerous improved meth
ods have been proposed, such as ADMM (Kaplan et al.  
2019), MMMT (Yang et al. 2017b), and FSRIC 
(Ghahremani et al. 2019). These methods focus on 
enhancing the spatial details, but neglect spectral con
straints, which can result in spectral distortion.

2.2. Dl-based pan-sharpening methods

Traditional methods rely on linear transformations, 
which have limited fitting capability. In recent years, 
DNNs have garnered significant attention owing to 
their potent nonlinear fitting capabilities. Inspired by 
the first DL-based super-resolution network SRCNN, 
Masi et al. (2016) proposed a DNN-based pan- 
sharpening network. Despite the fact that PNN con
tains only three convolutional layers, it demonstrated 
a notable sharpening effect, laying the foundation for 
subsequent DL-based pan-sharpening methods. Yang 
et al. (2017a) utilized high-pass filtering to extract 
high-frequency (HF) feature from PAN, and utilized 

the residual structure to retain the extracted HF 
details. A gradient projection pan-sharpening net
work, influenced by VO theory and DNNs, was pro
posed (Xu et al. 2021). Cai and Huang (2021) regarded 
the pan-sharpening task as a SR task, and proposed 
a SR-based progressive pan-sharpening network. In 
order to establish the global spatial-spectral depen
dence, several methods employed improved attention 
modules to construct the network, leading to satisfac
tory sharpened results, such as TRRNet (Zhang et al.  
2022a), LAGConv (Jin et al. 2022) and RSANet (Liu 
et al. 2023a). Although these methods can achieve 
satisfactory results, they lack interpretation due to 
the block-box nature of DNNs. To address this issue, 
researchers have improved the interpretability of DL- 
based methods by utilizing the combination of tradi
tional fusion pipelines and DL techniques. For exam
ple, Deng et al. (2021) amalgamated the concepts of CS 
and MRA to construct an interpretable DNN called 
FusionNet. Motivated by FusionNet, Chen, Liu, and 
Fang (2024) employed guided filtering to enhance 
original image pairs, resulting in more granular detail 
representations. However, these methods only per
form well on single datasets. It is imperative to 
enhance the generalization capability, as the missing 
precision may result in inadequate sharpened effects 
in some scenes. Truong, Lam, and Lee (2024) first 
attempted to treat the pan-sharpening task as 
a tensor rank minimization problem, and employed 
the concept of detail injection to extract spatial details 
in PAN. This method is flexible and can be applied to 
images of different quality, improving the interpret
ability of DL-based methods. Misra et al. (2023b) 
proposed SPRINT in order to maintain the spectral 
characteristics of MS in the process of fusion. As the 
first method to utilize both Digital Elevation Model 
and solar angles simultaneously to determine the 
weight, SPRINT has the potential to not only enhance 
the spatial fidelity of the sharpened image, but also 
mitigate the impact of radiation distortion to the 
greatest extent. In addition, there are several studies 
dedicated to achieving superior sharpening perfor
mance in the frequency domain. Xing et al. (2024) 
combined frequency transform with deformable self- 
attention to integrate local and non-local features in 
diverse source images. Diao et al. (2022) employed 
Gaussian filtering to extract HF and low-frequency 
(LF) information from diverse source images, then 
employed two different branches to learn HF and LF 
information, respectively, and finally integrated the 
information of the two different frequencies. In 
order to mine more potential spatial details, Zhuo 
et al. (2022) used five different high-pass filters to 
extract the HF information in PAN image. Zhao 
et al. (2022) employed high-pass operators to fully 
explore the low-, medium-, and high-frequency infor
mation in the original image pairs. Unlike these 
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methods, our methodology is devoted to reconstruct
ing the detail injection model from a frequency 
domain perspective. Subsequently, we implement the 
constructed fusion model utilizing DL techniques in 
order to achieve high frequency-spectral fidelity 
results with good interpretability and generalization 
capability.

2.3. Detail injection models

Both CS and MRA, in fact, can be summarized as 
detail injection-based methods. Detail injection mod
els aim to extract details from PAN in a specific man
ner, and then incorporate the extracted details into the 
UPMS. The process could be summarized as follows. 

where ~M2 RH�W�B and �M2 RH�W�B represent the 
HRMS and UPMS with height, width, and number of 
bands H, W, and B, respectively; g and DP represent 
the ratio of injection gain and the spatial details 
extracted from the PAN. The primary discrepancy 
between the CS and MRA pertains to manner in 
which the details are extracted.

For the CS-based method (Aiazzi, Baronti, and 
Selva 2007; Chavez and Kwarteng 1989; Choi, Yu, 
and Kim 2011; Mallat 1989; Tu et al. 2004; Vivone  
2019), DP can be quantified as the discrepancy 
between P and I �M. 

where P 2 RH�W�1 represents the PAN image, and 
I �M represents the intensity component in �M. 
Whereas MRA-based methods (Kaplan and Erer  
2014; Kaplan et al. 2019; Otazu et al. 2005; Restaino 
et al. 2016) denote DP by the discrepancy between P
and PL, which can be quantified as: 

where PL represents the low-pass version of P.
The above two methods employ a linear injection 

model, which is typically inapplicable to the relative 
spectral response of sensors because the overlap 
between spectral responses of �M. In recent years, 
several researchers have taken advantage of the non
linear mapping capability of DNNs to develop non
linear injection models to replace the linear detail 
injection in traditional methods, such as DiCNN 
(Vivone et al. 2015), FusionNet (Deng et al. 2021), 
and GF-CSTNet (Chen, Liu, and Fang 2024). These 
methods obtain injected details by tuning the para
meters in the training phase, thus obtaining the fine 
details in fused images. The process could be summar
ized as follows. 

where θ represents the parameters that can be learned 
in DNN. The development of DL-based models that 
incorporate the concept of detail injection is 
a promising method, and the key is to effectively 
extract the precise details.

3. Methodology

In this section, we introduce a novel cross fusion 
model and optimize it by analyzing the unique and 
complementary characteristics in diverse source 
images. Furthermore, we develop the frequency- 
spectral dual domain cross fusion network, CF2N, 
which implements the constructed model by utilizing 
DL techniques. The CF2N achieves high frequency- 
spectral fidelity sharpened results by sequentially 
executing frequency-domain dominated detail recon
struction and frequency-spectral cross fusion of 
diverse source images.

3.1. Construction of the fusion model

The CS- and MRA-based methods implement the 
detail injection model by using traditional analysis 
tools, which have good interpretability. Preliminary 
assumptions about the spectral model that determines 
the projection of the MS image into the PAN domain 
(for CS-based methods) or the spherical of the spatial 
filter (for MRA-based methods) are crucial for tradi
tional methods. Errors at this stage may have 
a significant impact on the results, which could nega
tively impact the performance of pan-sharpening. 
Deng et al. (2021) combined the advantages of CS 
and MRA, which represent the spatial details that the 
DNNs needs to learn by subtracting UPMS from the 
duplicated version of PAN. The energy function for 
this extraction can be quantified as: 

where E represents the energy function associated 
with details; C represents a series of convolution 
operation; �P 2 RH�W�B represents the PAN duplica
tion in the channel dimension such that it coincides 
with the number of bands in �M; κb is the injection 
gain factor of the b-th band, which is learned by 
DNNs. Such a detail extraction takes the PAN- 
specific spatial information as the learning target of 
the DNNs. The detail representation of FusionNet 
overlooks the unique and complementary information 
in �M, which results in distortions in the fused images. 
Inspired by FusionNet, Chen, Liu, and Fang (2024) 
designed GF-CSTNet, which utilizes guided filtering 
to extract the spatial details in the original pairs before 
subtracting them from diverse source images. The 
energy function for the extraction of GF-CSTNet can 
be quantified as: 
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where GF represents the guided filtering. The GF- 
CSTNet exhibits superior sharpening performance in 
comparison to FusionNet, but still overlooks the 
unique and complementary information in �M. As 
a result, these representations render the fusion per
formance highly dependent on the extraction and 
generalization capabilities of the subsequent network. 
When the sharpening scene is intricate, it can be 
challenging for the model to attain satisfactory 
outcomes.

It is widely acknowledged that paired P and M are 
captured by different sensors within a single scene, 
and there are radiometric disparities between them. 
As a result, M possess spatial details that complement 
the P, which are omitted by Equation (5) and 
Equation (6). Furthermore, objects in RS images 
often have great discrepancies, which means that tar
geted gain coefficients are applied to different local 
areas to represent local information more accurately. 
In other words, the acquisition of spatial details end-to 
-end in terms of bands does not extract specific local 
details. In light of the above issues, we propose three 
improvements to Equation (5) and Equation (6). First, 
we comprehensively explore the unique and comple
mentary detail representations in diverse source 
images from a frequency domain perspective. These 
reconstructed details are capable of providing rich 
detail support for the fused image. Second, we sub
stitute the band-by-band scale factor with a local scale 
factor for each pixel, taking into account the dispari
ties in diverse regions. Third, we construct the rela
tionship from reconstructed details to HRMS pixel by 
pixel. As a result, a new energy function is quantified 
as follows. 

where ς represents the frequency information in 
a certain direction and κ i;jð Þ denotes the weight coeffi
cient located at i; jð Þ; Besides, Dς 2 RH�W�B represents 
reconstructed details in the frequency domain, which 
lays the foundation for the construction of reasonable 
detail in the fused image; κ i;jð Þ can be optimized by 
bringing Dς

i;jð Þ close to the details in ~M. The precise
ness of details can lead to the formation of reasonable 
spectral distribution within the sharpened images, 
which in turn can lead to the formation of finer tex
tures. Thus, precise spatial details and spectral infor
mation can be mutually supportive. Considering the 
aforementioned factors, the details required in HRMS 
can be divided into frequency-domain details and 
spectral-domain details. The frequency-domain 
details refer to the spatial detail information recon
structed from various frequency directions, whereas 
the spectral-domain details denote the spectral 

information corresponding to the frequency details. 
Consequentially, we determine the value of κ by both 
frequency-domain and spectral-domain details. The 
optimized solution can be quantified as: 

where ~D i;jð Þ ¼ Ñ ~M i;jð Þ represents the details (includ
ing frequency details and spectral details) in ~M, and 
ðς i;jð Þ; s i;jð ÞÞ represent the frequency-spectral details 
located at i; jð Þ. f �ð Þ represents the function that com
bines the details in frequency- and spectral-domain. 
On this basis, we can get the frequency details and 
corresponding spectral details located at i; jð Þ, which 
can be described as follows. 

where D̂ represents the estimated frequency-spectral 
details.

The objective of Equation (8) is to investigate the 
correlation between diverse source images and HRMS 
in the frequency and spectral domains. The process 
involves two pivotal steps. First, taking into considera
tion the uniqueness and complementarity of spatial 
details in diverse source images, the representation of 
details in diverse source images is comprehensively 
explored in the frequency domain. This attempt aims 
to reconstruct the spatial details required for the fused 
image. Second, since information in the frequency 
domain and information in the spectral domain are 
mutually supportive, a spectral term is introduced into 
the proposed energy function. This attempt aims to 
obtain the spectral details corresponding to the recon
structed frequency details. Guided by the theoretical 
model, we develop CF2N to solve the required κ and 
Dς in Equation (10). Consequently, the proposed 
CF2N comprises two primary modules, namely 
FD2R and FSCFM. In FD2R, the frequency informa
tion of various directions in diverse source images is 
meticulously considered in the frequency domain, 
resulting in the estimated frequency details Dς. Based 
on this, the FSCFM provides a concrete implementa
tion of the spectral terms in the constructed model, 
which combines Dς and corresponding spectral details 
to obtain the determined κ.

3.2. Frequency-domain dominated detail 
reconstruction

Despite the existence of several pan-sharpening meth
ods based on the frequency domain, an efficient 
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technique for reconstructing unique and complemen
tary detail representations in diverse source images is 
still lacking. Given the existence of complementary 
details in diverse source images, we endeavor to inves
tigate the unique and complementary detail represen
tations from a frequency domain perspective. In 
particular, we focus on the interaction between the 
frequency components in various directions, instead 
of directly subtracting or splicing the diverse source 
images or features. The frequency information of var
ious directions in diverse source images is fused adap
tively in order to reconstruct the unique and 
complementary detail representations. As shown in 
Figure 2, the frequency information from various 
directions in P and �M is hierarchically integrated to 
obtain the fine-grained details Dς. It is apparent that 
Dς contains a wealth of spatial detail information 
derived from the original image pairs, laying the 
groundwork for the generation of spatial details in 
the fused image.

Initially, P and �M are fed into the Head Residual 
Blocks (HRB), which can be quantified as: 

where F p 2 RH�W�C and Fm 2 RH�W�C denote the 
output features after encoding by HRB. The structure 
of HRB is shown in the upper left corner of Figure 2. It 
adopts a simplistic residual structure, wherein the 
initial convolution block is used to increase the dimen
sionality of the input image, whereas the subsequent 
residual blocks are used to extract the shallow coded 

features. Subsequently, the coded features are fed into 
the FD2R, which comprehensively considers the fre
quency components of various directions in diverse 
source images. These frequency components are inte
grated hierarchically to obtain fine-grained frequency 
details. Specifically, we employ 2D Haar wavelet trans
form to get frequency information in various direc
tions. The filters for various directions are quantified 
as follows. 

After performing the Haar transform on the above 
encoded features, the frequency information in var
ious directions can be quantified as: 

As mentioned above, both SR-based methods and 
dual-branch-based methods use concatenation opera
tions to combine images or features from diverse 
sources. It is tough to disseminate complementary 
information as the concatenation process is incapable 
of fully exploring the interactions and correlations 
between diverse source data. Furthermore, the 

Figure 2. The flowchart depicting the proposed CF2N, which is guided by the constructed cross fusion model. The CF2N consists of 
two main stages: FD2R and FSCF.
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concatenation operation can result in a significant 
increase in the channel dimension, thereby elevating 
both the space complexity and computational com
plexity of the model. The pixel- wise addition can deal 
with this issue. Despite the fact that this rigid opera
tion preserves the uniqueness of diverse source data, it 
may result in the accumulation of redundant informa
tion, rendering the model unable to explicitly acquire 
the crucial complementary information. In order to 
reconstruct the unique and complementary informa
tion between diverse source images while avoiding 
a large amount of redundant information, a learnable 
parameter is introduced to adaptively fuse the fre
quency information in diverse source images. 
Specifically, the unique and complementary frequency 
characteristics of diverse sources in various directions 
are obtained through adaptive weighted fusion (AWF) 
of the frequency components in the corresponding 
directions of diverse source features. This process 
can be quantified as: 

where F ς 2 RH
2�

W
2�C represents the outcome of adap

tive weighted fusion of frequency components from 
diverse sources in various directions. Besides, A repre
sents adaptive weighted fusion. The AWF adjusts the 
magnitude of the weights in accordance with the spe
cific details contributed in the frequency features of P
and �M, which can be quantified as: 

The learnable parameter β in the AWF process can 
be manipulated to adjust the contribution degree of 
diverse source frequency components, thereby 
enabling the acquisition of fine-grained details with 
unique and complementary representations. As an 
illustration, it can be observed from Figure 2 that 
FHL contains unique and complementary details in 
F

p
HL and Fm

HL, which facilitate the formation of finer 
frequency details. Similarly, we integrate unique and 
complementary feature representations of the various 
directions hierarchically. It is worth noting that the LF 
component of the MS is omitted during the AWF 
process, i.e. Fm

LL. This is due to the fact that we pri
marily reconstruct the HF information, which are 
incorporated into the subsequent FSCF stage to pre
serve more details. Finally, we obtain the recon
structed frequency details via Inverse DWT (IWT). 
This can be quantified as: 

where Dς 2 RH�W�B represents the reconstructed fre
quency details. By utilizing this methodology, all HF 
components are taken into account, thereby 

facilitating the reconstruction of fine-grained fre
quency details. In addition, the distinction between 
the AWF, channel-wise concatenation operation, and 
pixel-wise addition operation will be further explored 
in the first part of Section 4.5.

3.3. Frequency-spectral cross fusion

Most of the methods ignore the importance of the 
interaction between the information in diverse 
domains. They solely combine PAN and MS in the 
image or feature dimensions, resulting in the appar
ent distortion of fusion outcomes appearing in one 
domain, spatial or spectral. The Equation (8) and 
Equation (9) suggest that the estimated details 
ought to preserve the frequency-spectral fidelity of 
HRMS, i.e. the fine-grained frequency details and 
spectral details. Therefore, we construct a network 
representing κ i;jð ÞC D

ς
i;jð Þ;S i;jð Þ

� �
and train it to 

approximate the details in ~M. In order to attain 
this objective, we have developed the FSCFM to 
comprehensively amalgamate the reconstructed fre
quency details with the corresponding spectral 
details. As depicted in Figure 3, the goal of FSCFM 
is to calculate the weight coefficient of each pixel 
κ i;jð Þ integrating Dς obtained in FD2R stage and the 
encoded spectral information. The proposed FSCFM 
establishes the representation of frequency details 
and the representation of spectral details. Details in 
diverse domains are, in the meantime, deeply cross- 
fused.

As shown in the right of Figure 2, the FSCFM 
comprises three elaborate components, namely fre
quency-domain attention (FDA), spectral-domain 
attention (SDA), and frequency selection mechanism 
(FSM). The FDA primarily concentrates on the fre
quency domain information in the same spectral band, 
and generates adaptive weights κς for each pixel in 
frequency domain. The SDA primarily concentrates 
on the spectral information to get the spectral adaptive 
weights κs in different spectral bands. The above pro
cess can be quantified as: 

where � represents the concatenation operation. 
The input features of FDA (ς i;jð ÞÞ and SDA (s i;jð Þ) 
are obtained by shallow encoding on Dς and �M, as 
illustrated in Figure 3. Given that each spectral 
band possesses unique frequency-spectral charac
teristics, we execute the dot product operation on 
the adaptive weights across diverse domains. This 
operation can enhance the correlation of informa
tion in frequency domain and spectral domain, 
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which can elucidate the frequency-spectral impor
tance of distinct regions. The above process can be 
quantified as: 

κς;s stands for the frequency-spectral adaptive 
weights. Subsequently, we execute a convolution 
operation on the frequency-spectral adaptive weights 
with the input features of the FDA. This operation 
aims to perform frequency-spectral cross fusion in 
the frequency domain, thereby enabling the adaptive 
addition of spectral detail information for each detail 
in the frequency domain. 

The representation of F ς;s
mid is visualized in Figure 2. It 

is evident that, following the execution of the fre
quency-spectral cross-fusion, the frequency details in 
Dς are accompanied by the corresponding spectral 
information.

Furthermore, we consider that the scales of feature 
in RS images can be significantly different, such as cars 
and flower beds. The selection mechanism is intro
duced to extract the precise frequency-spectral details 
with varying scales. The receptive field of the second 
convolution is expanded by combining two convolu
tional kernels in series, and these two convolutions in 
parallel to extract features with varying scales. The 
adaptive weights κ0ς for details with varying scales are 
obtained, which enable the generation of adaptive 
scaled receptive fields for details with varying scales. 
In this way, more precise frequency-spectral details 

can be obtained. The above process can be quantified 
as follows. 

where F sma and F lar represent the features of varying 
scales derived from the small receptive field and the 
extended receptive field, respectively. F var contains 
feature representations for various scales and different 
frequency directions. By establishing the correlation 
between F var and features of varying scales (F sma and 
F lar), and subsequently performing AWF, κ0ς is cap
able of adapting to frequency features of various scales.

On this foundation, we further enhance the corre
lation between frequency-domain features and spec
tral-domain features to obtain κ. Furthermore, the 
precise frequency-domain information obtained is 
fully cross-fused with the spectral-domain informa
tion once more. The above process can be quantified 
as follows. 

Identically, the representation of F ς;s
out is visualized in 

Figure 2. It is apparent that subsequent to the selective 
cross-fusion of frequency information at various 

Figure 3. Illustration of the proposed FSCFM. We give two example matrices Dς∈ R6�6 and �M∈ R6�6, and the goal of FSCFM is 
to calculate the weight coefficient of each pixel κ i;jð Þ integrating frequency details obtained in FD2R and the corresponding 
spectral details. The encoder employs only one convolutional layer, and the convolution kernel size, step size and padding of this 
convolutional layer are 3, 1, 1 respectively.
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scales, targets at various scales are accompanied by 
specific spectral information, thereby promoting the 
generation of finer frequency-spectral details.

The first half of the FSCF stage employs the F ς
in and 

F s
in as inputs to obtain fine-grained frequency-spectral 

details. Meanwhile, we introduce MDI (see 
Section 3.4) in order to prevent the loss of crucial 
details. The subsequent FSCFMs take the output fea
tures of the upper-level FSCFM and features from 
MDI as inputs in order to iteratively refine the 
extracted frequency-spectral details. The specific 
structure of MDI will be described in the following. 
In addition, the number of FSCFMs and MDIs will be 
discussed in Section 4.5.

3.4. Multi-level detail injection

The MDI is introduced in the FSCF stage to avoid the 
loss of crucial frequency-domain and spectral-domain 
details. Specifically, we extract the HF information 
from the �P and �M in parallel by employing the high- 
pass filtering operator. Subsequently, the HF features 
are extracted by utilizing the simplistic residual block 
as HRB. Finally, an AWF operation is performed on 
both. The obtained detailed features are fed into the 
FSCFM, which is highly cross-fused with the output of 
the previous level. In this way, it is feasible to replenish 
detailed information lost during the FSCF stage, facil
itate the fusion of frequency-spectral details, and 
achieve high-fidelity results.

Ultimately, by utilizing the constructed FSCFM and 
MDI, it is possible to iteratively optimize κ and Dς 

during the training process. Furthermore, the Mean 
Absolute Error (MAE) is utilized to instruct CF2N to 
generate sharpened images that exhibits fine-grained 
frequency-spectral details in accordance with the 
ground truth (GT).

4. Experiments

4.1. Datasets and settings

We conduct extensive experiments on three publicly 
available datasets, which are available at https://github. 
com/liangjiandeng/PanCollection (Deng et al. 2022). 
These three datasets come from three satellites, 
namely, GaoFen-2 (GF2), QuickBird (QB), and 
WorldView-3 (WV3). Table 1 shows the basic 

information of each dataset in detail. As there are no 
authentic HRMS images to serve as GT for model 
training, low-resolution versions of the original 
image pairs are obtained by following Wald’s protocol 
in these publicly available datasets. Therefore, the ori
ginal MS can be regarded as GT. It is worth noting that 
the experiment mainly consists of reduced-scale test 
(R-Test) and full-scale test (F-Test), wherein the 
R-Test mainly evaluates the fitting capability of the 
model, while the F-Test mainly evaluates the general
ization capability in real-world scenarios.

In the R-Test, we employ six well-known metrics to 
evaluate the fusion performance at reduced-scale, 
namely the Structure Similarity Index Measure 
(SSIM) (Wang et al. 2004), the Erreur Relative 
Globale Adimensionnelle de Synthèse (ERGAS) 
(Vivone et al. 2015), the Spectral Angle Mapper 
(SAM) (Yuhas, Goetz, and Boardman 1992), the spa
tial Correlation Coefficients (CC), the Relative 
Average Spectral Error (RASE) (Zhou, Civco, and 
Silander 1998), and the Q2n index (Garzelli and 
Nencini 2009). Additionally, we employ five non- 
reference metrics to evaluate the fusion performance 
at full-scale in the F-Test, namely the spectral distor
tion index (Dλ), the spectral distortion index from 
Khan’s protocol (DF

λ ), the spatial distortion index 
(Ds), the quality with no reference (QNR) (Alparone 
et al. 2008), and the hybrid quality with no reference 
(HQNR) (Aiazzi et al. 2014).

We choose the proposed method with fourteen most 
advanced methods, include five traditional methods 
and nine DL-based methods. Among the traditional 
methods, EXP (Aiazzi et al. 2002) is an up-sampling 
method, also called 23-tap polynomial interpolation. 
BT-H (Lolli et al. 2017) and BDSDPC (Vivone 2019) 
are CS-based methods, while MF (Restaino et al. 2016) 
and MTF-GLP-FS (FS) (Vivone, Restaino, and 
Chanussot 2018) are MRA-based methods. The 
remaining nine DL-based methods comprise PanNet 
(Yang et al. 2017a), GPPNN (Xu et al. 2021), 
FusionNet (Deng et al. 2021), SRPPNN (Cai and 
Huang 2021), TRRNet (Zhang et al. 2022a), LAGConv 
(Jin et al. 2022), AWFLN (Lu et al. 2023), RSANet (Liu 
et al. 2023a), and MMFN (Jian et al. 2023). To ensure 
a fair comparison, we use the authors’ officially released 
code and the setup described in the original paper. All 
of the codes are executed on a computer that is 
equipped with an i5 -11,600 CPU and two GTX-3060 

Table 1. Basic information of each dataset.

Bit 
depth Band

Resolution 
(m)

Train set Valid set R-Test set F-Test set

SceneSize Number Size Number Size Number Size Number

GF2 PAN 10 1 0.8 64 × 64 19,809 64 × 64 2201 256 × 256 20 512 × 512 20 coasts,  
vegetation, 
buildings, 
urban

MS 4 3.2 16 × 16 16 × 16 64 × 64 128 × 128
QB PAN 11 1 0.61 64 × 64 17,139 64 × 64 1905 256 × 256 20 512 × 512 20

MS 4 2.44 16 × 16 16 × 16 64 × 64 128 × 128
WV3 PAN 11 1 0.3 64 × 64 9714 64 × 64 1080 256 × 256 20 512 × 512 20

MS 8 1.2 16 × 16 16 × 16 64 × 64 128 × 128
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GPUs. In addition, for the sake of reproducibility, all 
implementations of this work will be published at 
https://github.com/JUSTM0VE0N/CF2N.

4.2. Reduced-scale test

(1) Results on GF2 dataset (4-Band): The dataset pri
marily contains the environment such as streets, 
buildings, and croplands. The qualitative results of 
each advanced method are shown in Figure 4, which 
includes five typical scenarios, such as roads, rivers, 
croplands, small buildings, and large buildings. In 
addition, the scores obtained by each scenario on the 
two metrics ERGAS and Q2n are above the subjective 
results, which can measure the spatial fidelity and 
spectral fidelity of the fusion results. Traditional meth
ods appear to exhibit varying degrees of distortion in 
most cases. The CS-based methods BT-H and 
BDSDPC demonstrate high spatial fidelity, such as 
clear bridge reflections in the river and fine building 
edges. This phenomenon can be attributed to the 
complete retention of information within the PAN. 
However, the redundant spatial details in PAN disturb 
the spectral distribution in the original MS, resulting 
in obvious spectral distortion in the fusion results. 
Comparative to CS, MRA-based methods are known 
for their high spectral fidelity. Nevertheless, owing to 
the inaccurate filter shape, the MRA-based methods 
MF and FS encounter obstacles in achieving high 
spatial fidelity while maintaining a reasonable spectral 

distribution, such as blurred bridge edges and crop
land boundaries. SR-based methods such as 
SRPPPNN, LAGConv, AWFLN, and RSANet exhibit 
superior sharpening outcomes when compared with 
traditional methods. The details that are not present in 
the GT are sharpened by these methods, for instance, 
the road area in Figure 4(ⅰ) and the cropland area in 
Figure 4(ⅲ). In addition, these methods exhibit exces
sively smooth texture in certain local areas, such as the 
white building edge area in Figure 4(ⅳ) and the 
building center texture area in Figure 4(ⅴ). Some 
crucial information is lost during the fusion process 
as the SR-based methods fail to account for the 
uniqueness of diverse source data, which results in 
evident distortions in certain local areas. The dual- 
branch-based method, PanNet, exhibits severe spatial 
and spectral distortions that surpass those of tradi
tional methods in some scenarios, such as blurred 
croplands in Figure 4(ⅲ) and distorted building 
tones in Figure 4(ⅴ). The TRRNet and MMFN 
demonstrate excellent spatial and spectral retention 
capabilities. However, it is found from the corre
sponding AEMs in Figure 4(ⅰ),(ⅳ),(ⅴ) that when 
the target scale is small, they are unable to preserve 
edge details well. This is attributed to the fact that 
these dual-branch structures ignore the interaction 
between diverse source features during the fusion pro
cess. Contrary to this, GPPNN and FusionNet based 
on the detail injection model can preserve finer details, 
such as the building areas in Figure 4(ⅰ),(ⅳ), (ⅴ). 

Figure 4. Qualitative evaluation results on GF2 R-Test set. The fusion results are presented in odd rows, while the corresponding 
AEMs are listed in even rows.
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When the target area grows in scale, GPPNN and 
FusionNet tend to lose a lot of edge details. This is 
due to the fact that they solely concentrate on PAN- 
specific spatial information, neglecting the unique 
information in MS and the complementary spatial 
information with PAN, which have an impact on the 
spatial texture and spectral distribution. In contrast, as 
depicted in Figure 4(ⅰ)-(ⅴ), the proposed CF2N pos
sesses the capability to preserve more spatial and spec
tral details, irrespective of whether the targets are 
small-scale or large-scale, owing to its emphasis on 
unique and complementary detail representations in 
diverse source images and the interaction between 
diverse source features.

Table 2 presents the quantitative results along with 
the mean and standard achieved for all samples in GF2 
R-Test set. The top three performers on each metric 
are labeled red, green and blue respectively. The 
results show that DL-based methods perform better 
than traditional methods on all metrics. The achieve
ment of top scores on most metrics with significant 
advantages is achieved by CF2N due to the concurrent 
focus on frequency details and spectral details as well 
as the deep interaction between the two. The last row 
of Table 2 shows an increase in percentage points 
compared to the second- and third-best methods. In 
particular, our performance on ERGAS and SCC is 
8.02% and 0.06% superior to the second place, respec
tively. This indicates that the fusion results obtained 
by our method exhibit a lower global error and 
a higher spatial correlation, thereby leading to 
a more convenient spatial fidelity. Moreover, our per
formance on SAM, RASE and Q2n is 5.30%, 8.37% 
and 0.28% superior to the second place, respectively, 
indicating that the proposed CF2N preserves the most 
authentic and reasonable spectral distribution.

(2) Results on QB dataset (4-Band): The environ
ment in the dataset includes oceans, cities, forests, etc. 
The qualitative outcomes of each method on the QB 
R-Test set are depicted in Figure 5, which encom
passes five typical scenarios, including ports, urban 

buildings, sparse buildings, forests, and dense build
ings. In general, each method exhibits a discernible 
decline in performance owing to the improvement of 
image quality and the complexity of the sharpening 
scene. Traditional methods exhibit evident spatial and 
spectral distortions, such as distorted water tone in 
Figure 5(ⅰ), rough texture in Figure 5(ⅱ), (ⅳ), and 
blurred artifacts in building areas in Figure 5(ⅱ), 
(ⅳ). The SR-based methods LAGConv, AWFLN and 
RSANet show more or less spectral distortions, such as 
the distorted water tone in Figure 5(ⅰ) and distorted 
spectral information in the playground part in 
Figure 5(ⅱ); SRPPNN loses some crucial information, 
as shown in the area around the wave trajectory in 
Figure 5(ⅰ) and the building area in Figure 5(ⅱ), (ⅴ). 
To learn the mapping to HRMS, these SR-based meth
ods directly stitch two images from diverse sources in 
the spectral dimension; however, they neglect the 
uniqueness of diverse source data, resulting in the 
loss of frequency or spectral information. The 
PanNet shows spatial fidelity close to GT in the 
zoomed-in region of Figure 5(ⅰ), but it shows worse 
spectral retention compared to traditional methods in 
all examples. TRRNet and MMFN show slight spectral 
and spatial distortions, which are manifested in the 
distorted water color and building tone in Figure 5 
(ⅰ)-(ⅱ), as well as blurred paths in Figure 5(ⅲ). These 
dual-branch-based methods employ two independent 
branches to extract the features of PAN and MS and 
then directly stitch them in the spectral dimension. 
They ignore the necessity of interaction between 
diverse source features, which results in poor perfor
mance in balancing spatial and spectral retention. 
GPPNN and FusionNet exhibit obvious spatial and 
spectral distortions due to their neglect of the unique 
information in MS and the complementary spatial 
information with PAN, which is crucial for fusion. 
The proposed CF2N shows slight spectral distortions 
as illustrated in Figure 5(ⅰ). In general, our method 
shows the fusion quality closest to GT in different 
scenarios, such as richer spectral information of 

Table 2. Quantitative comparison on GF2 R-Test set.
Category Method SSIM↑ ERGAS↓ SAM↓ sCC↑ RASE↓ Q2n↑
Up-sample EXP 0.9116 ± 0.0291 2.4094 ± 0.4647 1.8531 ± 0.3459 0.9542 ± 0.0203 8.5984 ± 1.7342 0.7971 ± 0.0430
CS-based BT-H 0.9630 ± 0.0119 1.5526 ± 0.3548 1.6819 ± 0.3084 0.9690 ± 0.0125 5.5194 ± 1.2519 0.9089 ± 0.0284

BDSDPC 0.9549 ± 0.0163 1.6954 ± 0.3896 1.7243 ± 0.3118 0.9689 ± 0.0119 6.1165 ± 1.4205 0.8847 ± 0.0300
MRA-based MF 0.9516 ± 0.0149 1.7763 ± 0.3009 1.6842 ± 0.3115 0.9670 ± 0.0104 6.4951 ± 1.2576 0.8784 ± 0.0240

FS 0.9533 ± 0.0160 1.6201 ± 0.3526 1.6807 ± 0.3394 0.9685 ± 0.0118 5.8813 ± 1.3128 0.8904 ± 0.0250
SR-based SRPPNN 0.9905 ± 0.0021 0.7299 ± 0.1088 0.8250 ± 0.1387 0.9933 ± 0.0028 2.6163 ±0.4054 0.9778 ± 0.0085

LAGConv 0.9909 ± 0.0018 0.7223 ± 0.0963 0.8099±0.1282 0.9933 ± 0.0027 2.5852 ± 0.3656 0.9785 ± 0.0096
AWFLN 0.9888 ± 0.0025 0.8030 ± 0.1192 0.9208 ± 0.1554 0.9916 ± 0.0033 2.8562 ± 0.4421 0.9745 ± 0.0091
RSANet 0.9887 ± 0.0026 0.8011 ± 0.1248 0.8846 ± 0.1514 0.9918 ± 0.0034 2.8742 ± 0.4696 0.9734 ± 0.0103

Dual-branch-based PanNet 0.9720 ± 0.0065 1.3438 ± 0.1944 1.5439 ± 0.2339 0.9751 ± 0.0097 4.8840 ± 0.7304 0.9154 ± 0.0352
TRRNet 0.9896 ± 0.0025 0.8246 ± 0.1153 0.8858 ± 0.1240 0.9927 ± 0.0030 2.9839 ± 0.4240 0.9685 ± 0.0138
MMFN 0.9909 ± 0.0026 0.7167 ± 0.1331 0.7710 ± 0.1486 0.9940 ± 0.0028 2.5714 ± 0.4952 0.9796 ± 0.0070

Detail Injection-based GPPNN 0.9714 ± 0.0080 1.4138 ± 0.2505 1.3435 ± 0.2331 0.9728 ± 0.0103 5.1413 ± 0.9417 0.9374 ± 0.0125
FusionNet 0.9818 ± 0.0055 1.0438 ± 0.2102 1.0135 ± 0.1981 0.9894 ± 0.0046 3.7563 ± 0.7580 0.9603 ± 0.0101
Ours 0.9830 ± 0.0039 0.6592 ± 0.1140 0.7301 ± 0.1323 0.9946 ± 0.0025 2.3563 ± 0.4222 0.9823 ± 0.0070

– (−8.02/8.74%) (−5.30/9.85%) (+0.06/0.13%) (−8.37/8.85%) (+0.28/0.39%)
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building areas in Figure 5(ⅱ), clearer road texture in 
Figure 5(ⅲ), more consistent spectral distribution in 
Figure 5(ⅳ) and finer building edges in Figure 5(ⅴ). 
These are inextricably linked to our methodology’s 
emphasis on the unique and complementary detail 
representation of diverse source data, as well as the 
interaction between diverse domain characteristics.

Table 3 shows that the proposed CF2N achieve the 
best score on all metrics. When compared to 
the second-best method, our scores on SSIM, 
ERGAS, and SCC are superior by 0.44%, 5.74%, and 
0.26% better, respectively. This indicates that our 
methodology is capable of retaining more comprehen
sive details, owing to our emphasis on frequency and 

spectral details. Moreover, our scores on SAM, RASE, 
and Q2n are at least 3.66%, 5.59%, and 0.41% better, 
respectively, which further verifies the high spectral 
fidelity of the fusion results obtained by our metho
dology. These demonstrate that, despite the more 
intricate nature of the sharpening scenes, our method 
still possesses the strongest capacity for achieving the 
desired results.

(3) Results on WV3 dataset (8-Band): The pro
posed CF2N achieves commendable outcomes on 
two 4-band datasets. To further assess the general
izability, we conduct qualitative and quantitative 
experiments on the 8-band WV3 dataset. The envir
onment in the dataset includes mountains, rivers, 

Table 3. Quantitative comparison on QB R-Test set.
Category Method SSIM↑ ERGAS↓ SAM↓ sCC↑ RASE↓ Q2n↑
Up-sample EXP 0.6879 ± 0.0840 12.0189 ± 1.5432 8.5575 ± 1.7025 0.8701 ± 0.0264 46.6474 ± 8.3320 0.5782 ± 0.0774
CS-based BT-H 0.8684 ± 0.0288 7.4939 ± 0.5895 7.2981 ± 1.3674 0.9416 ± 0.0104 29.1453 ± 3.8422 0.8295 ± 0.0963

BDSDPC 0.8624 ± 0.0293 7.6084 ± 0.5744 8.1813 ± 1.7780 0.9324 ± 0.0131 29.6034 ± 3.9402 0.8287 ± 0.0966
MRA-based MF 0.8473 ± 0.0353 8.9013 ± 3.0752 8.0350 ± 1.6997 0.9294 ± 0.0135 33.1591 ± 6.2940 0.8120 ± 0.0950

FS 0.8935 ± 0.0281 7.4454 ± 0.5512 7.8662 ± 1.6282 0.9378 ± 0.0124 29.0174 ± 3.7189 0.8336 ± 0.0932
SR-based SRPPNN 0.9498 ± 0.0059 4.3333 ± 0.2882 5.1869 ± 0.8108 0.9789 ± 0.0040 16.5415 ± 1.3385 0.9140 ± 0.1125

LAGConv 0.9593 ± 0.0046 3.8610 ± 0.3068 4.7172 ± 0.7511 0.9837 ± 0.0035 14.9851 ± 1.5373 0.9315 ± 0.0895
AWFLN 0.9592 ± 0.0056 3.9246 ± 0.3209 4.6689 ± 0.7859 0.9844 ± 0.0037 15.2497 ± 1.8084 0.9320 ± 0.0851
RSANet 0.9586 ± 0.0052 3.8686 ± 0.2722 4.7659 ± 0.7969 0.9834 ± 0.0037 15.0549 ± 1.6040 0.9301 ± 0.0916

Dual-branch-based PanNet 0.8804 ± 0.0204 6.9987 ± 0.5552 7.9971 ± 1.4499 0.9320 ± 0.0155 27.3428 ± 3.4054 0.8413 ± 0.1040
TRRNet 0.9445 ± 0.0164 4.8495 ± 0.9964 5.0151 ± 0.9622 0.9786 ± 0.0078 18.8421 ± 4.3051 0.9146 ± 0.0866
MMFN 0.9332 ± 0.0207 5.7966 ± 1.1541 5.5140 ± 1.0623 0.9720 ± 0.0107 22.5006 ± 5.1659 0.8995 ± 0.0858

Detail Injection-based GPPNN 0.9049 ± 0.0193 7.0470 ± 0.6431 5.8599 ± 1.0636 0.9587 ± 0.0085 27.1333 ± 3.9996 0.8717 ± 0.0799
FusionNet 0.9521 ± 0.0068 4.2581 ± 0.2493 4.9853 ± 0.8163 0.9807 ± 0.0038 16.4903 ± 1.5234 0.9224 ± 0.0940
Ours 0.9635 ± 0.0045 3.6392 ± 0.2836 4.4978 ± 0.7600 0.9870 ± 0.0031 14.1474 ± 1.5612 0.9358 ± 0.0887

(+0.44/0.45%) (−5.74/5.93%) (−3.66/4.66%) (+0.26/0.34%) (−5.59/6.03%) (+0.41/0.46%)

Figure 5. Qualitative evaluation results on QB R-Test set. The fusion results are presented in odd rows, while the corresponding 
AEMs are listed in even rows.
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cities, etc. The qualitative outcomes of each method 
on the QB R-Test set are depicted in Figure 6, which 
encompasses five typical scenarios, Mountains, jun
gles, waves, dense buildings, and wide roads. The 
performance of the traditional method is further 
degraded upon enhancement of image quality. 
Specifically, BT-H and BDSDPC, which are known 
for their high spatial fidelity, lost a lot of texture 
details in the shrubbery in Figure 6(ⅰ)-(ⅱ). The 
MRA methods MF and FS, which are known for 
spectral fidelity, sharpened the emerald green shrub
bery to white green, accompanied by blurring. These 
occurrences can be attributed to the limited linear 
representation ability, which proves challenging to 
apply to intricate scenes of sharpening. The SR- 
based methods SRPPNN, LAGConv, AWFLN, and 
RSANet show comparable sharpening results. 
Compared with GT, these methods exhibit a certain 
gap in spatial and spectral fidelity. The discrepancy is 
attributed to the fact that the SR method directly 
learns the mapping of input image pairs to HRMS, 
disregarding the uniqueness of diverse source data, 
resulting in the inevitable loss of spatial and spectral 
details. PanNet reveals unacceptable results. It 
employs two distinct branches to extract HF infor
mation from diverse source images through Gaussian 
filtering, and then directly splices the HF information 

from diverse sources. Large amounts of redundant 
information from diverse sources cause the network 
to crash because they fail to fully interact with the 
frequencies of diverse sources. It can be seen from 
Figure 6(ⅰ)-(ⅴ) that PanNet actually retains a good 
spatial texture, but its spectral distribution is extre
mely poor, which further proves the necessity of 
interaction. The other two dual-branch-based meth
ods TRRNet and MMFN demonstrate considerable 
sharpening results. Similar to SR-based methods, 
they also lost crucial spatial and spectral information, 
such as the whitened jungle in Figure 6(ⅱ). These 
methods take into account the uniqueness of diverse 
source data during the feature extraction stage, which 
helps them retain more spatial texture in some 
scenes, such as the wave area in Figure 6(ⅲ) and 
the building area in Figure 6(ⅳ). However, they 
ignore the interaction between diverse source fea
tures during the fusion process, rendering it challen
ging to achieve global spatial-spectral retention. Due 
to the lack of the unique information in MS and the 
complementary spatial information with PAN, 
GPPNN and FusionNet based on detail injection 
show evident spatial and spectral distortions, such 
as the white jungle in Figure 6(ⅱ), and the blurred 
edge texture in Figure 6(ⅲ)-(ⅳ). In contrast, the 
CF2N exhibits the most superior spatial and spectral 

Figure 6. Qualitative evaluation results on WV3 R-Test set. The fusion results are presented in odd rows, while the corresponding 
AEMs are listed in even rows.
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retention, particularly in the fine texture of shrubs 
and consistent flower hues in Figure 6(ⅰ)-(ⅱ), the 
finer wave texture in Figure 6(ⅲ), and the more 
accurate road details in Figure 6(ⅳ)-(ⅴ). These 
results can be attributed to the proposed methodol
ogy’s emphasis on frequency detail reconstruction 
and spectral retention, as well as the consideration 
of frequency-spectral targets at various scales in dif
ferent scenarios.

Similar quantitative outcomes can be observed in 
Table 4. CF2N achieves top scores on all metrics due 
to its focus on frequency details and spectral details, as 
well as the deep interaction between the two. The 
proposed CF2N achieves scores of at least 0.14%, 
3.76% and 0.10% better on SSIM, ERGAS and SCC 
compared to other methods, indicating that our 
method can retain fine-grained details, owing to our 
emphasis on frequency details and spectral details. 
Furthermore, our scores on SAM, RASE, and Q2n 
are at least 3.76%, 2.53%, and 0.08% better than 
other methods, respectively, which further confirms 
the high spectral fidelity of the proposed method.

4.3. Full-scale test

(1) Results on GF2 dataset (4-Band): The generaliza
tion capability of each method is evaluated in real- 
world sharpening scenarios by F-Test. We show all 

types of ground objects in the GF2 dataset, including 
roads, rivers, bridges, croplands, small and large build
ings, to evaluate the sharpening performance of the 
model under different environmental conditions. The 
corresponding QNR and HQNR scores are presented 
above each image, indicating the overall quality of the 
fused image. As shown in Figure 7(ⅰ), when the spatial 
resolution is 0.8 m and the sharpening environment is 
relatively single, each method can achieve good shar
pening quality. However, most DL-based methods 
such as SRPPNN, LAGConv, AWFLN, RSANet, 
TRRNet, MMFN and FusionNet still have some 
flaws, which is manifested in the gray building edge 
being blue as shown in the zoomed-in area. This is 
attributable to the inaccurate detail representation and 
inadequate interaction of these methods. GPPNN, 
which is based on the detail injection model, possesses 
a robust spatial retention capability. However, it exhi
bits the loss of spectral information in small-scale 
building areas, as depicted in Figure 7(ⅰ)-(ⅱ). Each 
method shows significant performance degradation 
when the sharpening scene becomes intricate, as 
shown in Figure 7(ⅲ). All SR-based methods suffer 
from the loss of certain spatial or spectral details, as 
exemplified by blurred bridge edges, car roof colors 
that are inconsistent with MS, and distorted crop
lands. The reason for this is that SR-based methods 
ignore the uniqueness of diverse source data, resulting 

Table 4. Quantitative comparison on WV3 R-Test set.
Category Method SSIM↑ ERGAS↓ SAM↓ sCC↑ RASE↓ Q2n↑
Up-sample EXP 0.7246 ± 0.0933 7.1354 ± 1.5641 5.8351 ± 1.6720 0.9226 ± 0.0290 22.2931 ± 6.3631 0.6027 ± 0.0889
CS-based BT-H 0.9018 ± 0.0221 4.5107 ± 1.2973 4.8984 ± 1.2695 0.9586 ± 0.0123 13.9308 ± 4.7883 0.8182 ± 0.0993

BDSDPC 0.8947 ± 0.0285 4.6499 ± 1.4270 5.4643 ± 1.6708 0.9552 ± 0.0117 13.8559 ± 4.7681 0.8117 ± 0.1036
MRA-based MF 0.8846 ± 0.0244 4.9190 ± 1.2875 5.3162 ± 1.4722 0.9527 ± 0.0136 15.0103 ± 4.7843 0.7957 ± 0.1005

FS 0.8905 ± 0.0303 4.6450 ± 1.4062 5.3228 ± 1.6112 0.9560 ± 0.0114 13.7713 ± 4.8366 0.8177 ± 0.0989
SR-based SRPPNN 0.9708 ± 0.0078 2.3587 ± 0.5462 3.1867 ± 0.5588 0.9859 ± 0.0056 7.3885 ± 2.0307 0.8927 ± 0.0889

LAGConv 0.9731 ± 0.0073 2.2435 ± 0.5154 3.1007 ± 0.5211 0.9870 ± 0.0053 7.0068 ± 1.8672 0.9039 ± 0.0864
AWFLN 0.9723 ± 0.0086 2.2969 ± 0.5278 3.0712 ± 0.5684 0.9878 ± 0.0052 7.2374 ± 1.9565 0.9086 ± 0.0832
RSANet 0.9707 ± 0.0079 2.2904 ± 0.4945 3.1252 ± 0.5458 0.9864 ± 0.0056 7.1681 ± 1.8556 0.8995 ± 0.0882

Dual-branch-based PanNet 0.8944 ± 00183 5.2335 ± 1.5127 6.9395 ± 1.3863 0.9321 ± 0.0355 15.5878 ± 4.1562 0.7491 ± 0.1464
TRRNet 0.9718 ± 0.0078 2.3638 ± 0.5133 3.2627 ± 0.5607 0.9847 ± 0.0058 7.3628 ± 1.9141 0.9045 ± 0.0858
MMFN 0.9737 ± 0.0078 2.2488 ± 0.4954 2.9772 ± 0.5516 0.9883 ± 0.0052 7.0415 ± 1.8871 0.9138 ± 0.0813

Detail Injection-based GPPNN 0.9690 ± 0.0091 2.4828 ± 0.5251 3.3093 ± 0.6258 0.9800 ± 0.0078 7.4752 ± 1.8249 0.9045 ± 0.0821
FusionNet 0.9680 ± 0.0085 2.4778 ± 0.5775 3.3821 ± 0.6256 0.9836 ± 0.0064 7.6414 ± 2.0502 0.8939 ± 0.0876
Ours 0.9751 ± 0.0075 2.1591 ± 0.4628 2.9341 ± 0.5288 0.9892 ± 0.0049 6.8298 ± 1.8060 0.9145 ± 0.0805

(+0.14/0.21%) (−3.76/3.99%) (−1.45/4.46%) (+0.10/0.14%) (−2.53/3.01%) (+0.08/0.65%)

Figure 7. Qualitative evaluation results on GF2 F-Test set.

GEO-SPATIAL INFORMATION SCIENCE 15



in the loss of crucial information, such as edge details 
and spectral details. PanNet exhibits severe spectral 
distortion, as evidenced by the hue of the river. 
TRRNet and MMFN show slight spatial and spectral 
distortions, which is manifested in the blurring of the 
boundary area of the cropland center. GPPNN and 
FusionNet show notable spatial and spectral distor
tions, such as blurred bridges and obvious chromatic 
aberration. Their omission of the unique information 
in MS and the complementary spatial information 
with PAN is crucial for fusion. The proposed CF2N 
demonstrates satisfactory sharpening quality in differ
ent sharpening environments, such as the spatial 
details consistent with PAN and retaining 
a reasonable spectral distribution in Figure 7(ⅰ)-(ⅲ), 
which benefits from the model’s emphasis on the 
uniqueness and complementarity of diverse source 
images and the concrete implementation of the deep 
interaction of diverse domain features.

Table 5 presents the quantitative results achieved 
for all samples in GF2 F-Test set. CF2N achieves the 
best mean and the lowest standard deviation on all 
non-reference metrics, with the exception of Dλ, 
demonstrating its generalization ability and stability 
of the proposed CF2N at full-scale. Specifically, the 
proposed CF2N’s score on the spatial distortion index 
Ds is at least 4.71% superior to any other method, 
indicating that our fusion exhibits the highest level of 

spatial fidelity, owing to our comprehensive consid
eration of uniqueness and complementarity in diverse 
source data. The score obtained on the spectral distor
tion index DF

λ is at least 2.53% better than any other 
method, which means that our fusion has the best 
spectral fidelity. This is attributable to the concrete 
implementation of spectral terms within the con
structed model, thereby enabling the complete inte
gration of frequency details and corresponding 
spectral details. Furthermore, our scores on the two 
comprehensive quality assessment matrices QNR and 
HQNR are at least 0.20 and 0.54% better, respectively, 
indicating that our fusion outcomes exhibit high fre
quency-spectral fidelity.

(2) Results on QB dataset (4-Band): As illustrated in 
Figure 8, when the spatial resolution is increased to 
0.61 m and the sharpening scene becomes intricate, 
the sharpening performance of each method is signif
icantly degraded. Despite the high spatial fidelity of 
CS-based methods BT-H and BDSDPC, they exhibit 
incredible spectral distortion, especially BT-H. In con
tract to CS, the MRA-based method exhibits superior 
spectral fidelity, however, it fails to account for spatial 
information, such as smooth sea surface and blurred 
building edges. The SR-based methods SRPPNN, 
LAGConv and RSANet show obvious spectral distor
tion, such as the unreasonable spectral distribution in 
Figure 8(ⅰ)-(ⅲ). PanNet and TRRNet also show 

Table 5. Quantitative comparison on GF2 F-Test set.

Category Method Dλ↓ DF
λ↓ Ds↓ QNR↑ HQNR↑

Up-sample EXP 0.0000  ±  0.0000 0.0140  ±  0.0048 0.0263  ±  0.0176 0.9737  ±  0.0176 0.9601  ±  0.0187
CS-based BT-H 0.0216  ±  0.0114 0.0639  ±  0.0232 0.0555  ±  0.0179 0.9242  ±  0.0262 0.8841  ±  0.0296

BDSDPC 0.0130  ±  0.0095 0.0810  ±  0.0286 0.0559  ±  0.0196 0.9319  ±  0.0260 0.8678  ±  0.0368
MRA-based MF 0.0326  ±  0.0188 0.0584  ±  0.0200 0.0593  ±  0.0208 0.9104  ±  0.0361 0.8858  ±  0.0297

FS 0.0236  ±  0.0134 0.0375  ±  0.0130 0.0524  ±  0.0173 0.9254  ±  0.0273 0.9121  ±  0.0210
SR-based SRPPNN 0.0058 ± 0.0056 0.0198 ± 0.0079 0.0276 ± 0.0111 0.9668 ± 0.0149 0.9531 ± 0.0135

LAGConv 0.0113  ±  0.0085 0.0296  ±  0.0089 0.0397  ±  0.0138 0.9495  ±  0.0192 0.9319  ±  0.0161
AWFLN 0.0120  ±  0.0085 0.0314  ±  0.0145 0.0405  ±  0.0143 0.9480  ±  0.0196 0.9294  ±  0.0192
RSANet 0.0099  ±  0.0083 0.0297  ±  0.0100 0.0378  ±  0.0133 0.9528  ±  0.0184 0.9337  ±  0.0160

Dual-branch-based PanNet 0.0121  ±  0.0095 0.0336  ±  0.0262 0.0356  ±  0.0127 0.9528  ±  0.0193 0.9320  ±  0.0296
TRRNet 0.0074  ±  0.0067 0.0394  ±  0.0229 0.0310  ±  0.0118 0.9619  ±  0.0152 0.9308  ±  0.0241
MMFN 0.0066 ± 0.0061 0.0211 ± 0.0085 0.0295 ± 0.0111 0.9641 ± 0.0151 0.9499 ± 0.0124

Detail Injection-based GPPNN 0.0100  ±  0.0067 0.0432  ±  0.0159 0.0371  ±  0.0126 0.9533  ±  0.0174 0.9213  ±  0.0201
FusionNet 0.0157  ±  0.0097 0.0407  ±  0.0110 0.0483  ±  0.0168 0.9369  ±  0.0232 0.9130  ±  0.0203
Ours 0.0059 ± 0.0056 0.0193 ± 0.0078 0.0263 ± 0.0106 0.9680 ± 0.0143 0.9550 ± 0.0117

– (−2.53/8.53%) (−4.71/10.85%) (+0.12/0.40%) (+0.20/0.54%)

Figure 8. Qualitative evaluation results on QB F-Test set.
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spectral distortion, such that PanNet sharpens the sea 
tone in Figure 8(ⅰ) to blue-green, while TRRNet shar
pens the vegetation area in Figure 8(ⅲ) to black. 
Similarly, the model-based methods GPPNN and 
FusionNet show obvious spectral distortion. GPPNN 
sharpens the playground tone to dark black, whereas 
FusionNet sharpens an additional path that does not 
exist in the original image pair. This is due to the 
emphasis placed on spatial details in PAN, while 
ignoring the guiding role of complementary spatial 
details in MS for sharpening. In contrast, the fusion 
results of AWFLN and MMFN are more acceptable. 
These distortions can be attributed to the fact that 
these methods do not fully exploit the detailed repre
sentation in diverse source images and the insufficient 
information interaction between diverse source fea
tures. When compared to EXP and PAN, it can be 
observed that the proposed CF2N exhibits spatial the 
details that are consistent with PAN and the spectral 
distribution that is closest to EXP. For instance, in the 
port area, only our method and traditional methods 
preserve the spatial texture in MS. This is due to the 
fact that the CF2N takes into consideration the 
uniqueness and complementarity of diverse source 
data, which is overlooked by other DL-based 
methodologies.

The quantitative results on the QB F-Test set are 
depicted in Table 6. The proposed CF2N achieves 

a clear advantage in two comprehensive quality assess
ment metrics, QNR and HQNR, indicating that it is 
capable of obtaining fusion results with high fre
quency-spectral fidelity. Specifically, the proposed 
CF2N’s score on the spectral distortion index DF

λ is 
at least 8.11% superior to any other method, indicating 
that our fusion exhibits the highest degree of spectral 
fidelity, which is attributable to the complete integra
tion of frequency details and corresponding spectral 
details. Although the CF2N did not achieve the best 
score on Dλ and Ds, but our scores on the two com
prehensive quality assessment matrices QNR and 
HQNR are at least 0.45 and 1.53% better, respectively. 
This indicates that CF2N achieves an optimal balance 
between spatial and spectral preservation.

(3) Results on WV3 dataset (8-Band): The spatial 
resolution of PAN in this dataset is 0.3 m, which 
includes dense buildings, vegetation and vehicles. As 
shown in Figure 9, when the data is fine-grained, the 
detail texture retention of the DL-based method is 
questioned, which contradicts the scores of quantita
tive metrics. In the dense vehicle area shown in 
Figure 9(ⅰ),(ⅲ), the CS-based method is very close to 
PAN in terms of spatial fidelity, but there is a slight 
spectral distortion. In contrast, the MRA-based 
method is slightly inferior to CS-based in terms of 
spatial fidelity, albeit it exhibits advantages in spectral 
fidelity. SR-based and dual-branch-based methods 

Table 6. Quantitative comparison on QB F-Test set.

Category Method Dλ↓ DF
λ↓ Ds↓ QNR↑ HQNR↑

Up-sample EXP 0.0001 ± 0.0000 0.0348 ± 0.0071 0.0529 ± 0.0156 0.9470 ± 0.0156 0.9142 ± 0.0190
CS-based BT-H 0.1457 ± 0.0458 0.2344 ± 0.0738 0.1244 ± 0.0506 0.7489 ± 0.0690 0.6731 ± 0.0863

BDSDPC 0.0261 ± 0.0142 0.1948 ± 0.0334 0.1415 ± 0.0306 0.8362 ± 0.0346 0.6919 ± 0.0464
MRA-based MF 0.0350 ± 0.0211 0.0609 ± 0.0178 0.1105 ± 0.0246 0.8589 ± 0.0403 0.8356 ± 0.0342

FS 0.0342 ± 0.0199 0.0454 ± 0.0149 0.1146 ± 0.0225 0.8554 ± 0.0356 0.8454 ± 0.0303
SR-based SRPPNN 0.0384 ± 0.0327 0.0601 ± 0.0204 0.0279 ± 0.0193 0.9353 ± 0.0465 0.9140 ± 0.0339

LAGConv 0.0406 ± 0.0312 0.0648 ± 0.0173 0.0201 ± 0.0098 0.9402 ± 0.0362 0.9164 ± 0.0224
AWFLN 0.0376 ± 0.0236 0.0333 ± 0.0148 0.0490 ± 0.0233 0.9154 ± 0.0349 0.9194 ± 0.0276
RSANet 0.0348 ± 0.0235 0.0620 ± 0.0129 0.0240 ± 0.0141 0.9422 ± 0.0355 0.9155 ± 0.0289

Dual-branch-based PanNet 0.0563 ± 0.0659 0.0763 ± 0.0263 0.1262 ± 0.1265 0.8321 ± 0.1465 0.8073 ± 0.1213
TRRNet 0.0458 ± 0.0389 0.0788 ± 0.0174 0.0304 ± 0.0103 0.9253 ± 0.0406 0.8933 ± 0.0214
MMFN 0.0333 ± 0.0250 0.0466 ± 0.0250 0.0156 ± 0.0081 0.9517 ± 0.0293 0.9386 ± 0.0285

Detail Injection-based GPPNN 0.0306 ± 0.0266 0.0827 ± 0.0223 0.0288 ± 0.0204 0.9419 ± 0.0421 0.8912 ± 0.0363
FusionNet 0.0418 ± 0.0345 0.0741 ± 0.0231 0.0284 ± 0.0128 0.9315 ± 0.0532 0.8998 ± 0.0317
Ours 0.0277 ± 0.0239 0.0306 ± 0.0172 0.0170 ± 0.0099 0.9560 ± 0.0308 0.9530 ± 0.0218

– (−8.11/34.33%) – (+0.45/1.46%) (+1.53/3.65%)

Figure 9. Qualitative evaluation results on WV3 F-Test set.
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result in the loss of key information during the process 
of feature extraction or fusion due to their imprecise 
detail representation and inadequate interaction. 
Among them, SRPPNN, LAGConv, RSANet, 
TRRNet, and MMFN demonstrate poor sharpening 
performance, especially for vehicles with severe defor
mation. The vehicle edge contour is preserved by 
PanNet, but there is an apparent spectral distortion. 
The fusion performance of AWFLN, GPPNN, and 
CF2N is comparable, with AWFLN exhibiting super
ior spatial fidelity, whereas our method exhibits super
ior spectral fidelity. In the dense vegetation area 
shown in Figure 9(ⅱ), only the SRPPNN and the pro
posed CF2N show similar spectral distribution to EXP, 
and other methods show obvious distortion. 
Compared with SRPPNN, the fusion results of our 
method have finer spatial texture. In general, the pro
posed CF2N can also achieve high frequency-spectral 
fidelity in fine-grained scenarios, which is due to the 
uniqueness and complementarity of diverse source 
data and the necessity of interaction between diverse 
domain characteristics.

Table 7 shows that our method yields the best 
scores for two spectral distortion metrics (Dλ and 
DF

λ ) and a comprehensive quality assessment matric 
(QNR). Specifically, the scores obtained by CF2N on 
Dλ and DF

λ are at least 10.08% and 16.75% superior to 
other methods, respectively, indicating that our fusion 
exhibits the highest degree of spectral fidelity. The 
concrete implementation of spectral terms within the 
constructed model enables the complete integration of 
frequency details and corresponding spectral details. 
The score obtained on QNR is at least 1.45% better 
than any other method, which means that CF2N can 
obtain high-fidelity fusion results. Even though our 

method is slightly inferior to SRPPNN in HQNR, 
coupled with the poor fusion quality of SRPPNN in 
qualitative assessment, we hold the belief that the 
proposed CF2N holds the greatest promise, even in 
the face of high-fine-grained sharpening scenarios. In 
addition, as the image quality increases, i.e. the spatial 
resolution increases from 0.8 m to 0.3 m, the score 
obtained by the proposed method is gradually 
improved compared to the second-best method. For 
example, the QNR scores obtained by our methodol
ogy on GF2, QB, and WV3 are 0.12%, 0.45%, and 
1.55% higher than the second place, respectively. 
This further underscores the high level of adaptability 
to different scenes and robust generalization in intri
cate scenes.

4.4. Efficiency analysis

We compare the proposed CF2N with the existing 
state-of-the-art methods in terms of four aspects, 
including the floating-point operations (FLOPs), 
number of parameters (NoPs), multiply-accumulate 
operations (MACs), and the test runtime (Time). 
The NoPs is utilized to quantify the spatial complexity 
of the model, while the FLOPs and MACs are utilized 
to quantify the computational complexity, and the 
Time is utilized to quantify the temporal complexity. 
As depicted in Table 8, CF2N exhibits significant 
advantages in the NoPs, FLOPs, and MACs, albeit 
with a slight decline in Time. Furthermore, taking 
into account the significance of model sharpening 
performance, we affix model performance with four 
efficiency aspects to provide a comprehensive assess
ment. Our method exhibits the optimal performance 
in both R-Test and F-Test, as shown in Figure 10. In 

Table 7. Quantitative comparison on WV3 F-Test set.

Category Method Dλ↓ DF
λ↓ Ds↓ QNR↑ HQNR↑

Up-sample EXP 0.0000 ± 0.0000 0.0232 ± 0.0064 0.0340 ± 0.0133 0.9660 ± 0.0166 0.9437 ± 0.0166
CS-based BT-H 0.0268 ± 0.0198 0.0574 ± 0.0226 0.1001 ± 0.0375 0.8764 ± 0.0516 0.8489 ± 0.0511

BDSDPC 0.0129 ± 0.0096 0.0624 ± 0.0228 0.0912 ± 0.0362 0.8973 ± 0.0432 0.8528 ± 0.0509
MRA-based MF 0.0266 ± 0.0194 0.0275 ± 0.0100 0.0853 ± 0.0293 0.8909 ± 0.0438 0.8898 ± 0.0355

FS 0.0197 ± 0.0168 0.0197 ± 0.0076 0.0851 ± 0.0307 0.8973 ± 0.0432 0.8971 ± 0.0352
SR-based SRPPNN 0.0338 ± 0.0188 0.0164 ± 0.0072 0.0355 ± 0.0145 0.9320 ± 0.0246 0.9487 ± 0.0165

LAGConv 0.0178 ± 0.0126 0.0258 ± 0.0108 0.0572 ± 0.0192 0.9261 ± 0.0256 0.9185 ± 0.0230
AWFLN 0.0164 ± 0.0136 0.0203 ± 0.0097 0.0633 ± 0.0233 0.9216 ± 0.0334 0.9179 ± 0.0292
RSANet 0.0203 ± 0.0148 0.0232 ± 0.0096 0.0498 ± 0.0232 0.9309 ± 0.0270 0.9281 ± 0.0244

Dual-branch-based PanNet 0.0251 ± 0.0192 0.0627 ± 0.0237 0.0933 ± 0.0348 0.8845 ± 0.0485 0.8503 ± 0.0482
TRRNet 0.0171 ± 0.0150 0.0364 ± 0.0139 0.0735 ± 0.0236 0.9110 ± 0.0353 0.8931 ± 0.0326
MMFN 0.0224 ± 0.0141 0.0200 ± 0.0077 0.0446 ± 0.0207 0.9340 ± 0.0242 0.9363 ± 0.0221

Detail Injection-based GPPNN 0.0130 ± 0.0135 0.0415 ± 0.0160 0.0622 ± 0.0239 0.9259 ± 0.0344 0.8991 ± 0.0331
FusionNet 0.0230 ± 0.0179 0.0259 ± 0.0098 0.0548 ± 0.0222 0.9236 ± 0.0293 0.9208 ± 0.0247
Ours 0.0116 ± 0.0078 0.0164 ± 0.0069 0.0404 ± 0.0148 0.9485 ± 0.0181 0.9439 ± 0.0154

(−10.0 8/10.77%) (−16.75/18.00%) – (+1.55/1.77%) –

Table 8. Quantitative comparison of efficiency on WV3 dataset.
PanNet GPPNN FusionNet SRPPNN TRRNet LAGConv AWFLN RSANet MMFN Ours

NoPs (M) 0.31 0.48 0.31 3.44 5.23 0.30 0.34 0.20 4.74 0.25
FLOPs (G) 2.50 1.39 2.45 10.59 3.75 0.26 0.70 0.71 10.85 1.50
MACs (G) 1.25 0.69 1.23 5.30 1.87 0.13 0.35 0.35 5.42 0.75
Time (s) 0.003 0.012 0.005 0.014 0.085 0.011 0.007 0.059 0.014 0.024

The spatial scale of the image in the efficiency test is 64×64.
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terms of performance vs. NoPs, our method achieves 
the best performance while NoPs is second only to 
RSANet. In terms of performance vs. computational 
complexity, our method achieves a significant 
enhancement in performance, accompanied by a rise 
in computational complexity. Our method achieves 
the best balance between performance and Time at 
full-scale, but is inferior to MMFN at reduced-scale. 
In general, the proposed CF2N attains the optimal 
balance between fusion performance and efficiency.

4.5. Ablation experiments

We conduct ablation experiments on various compo
nents of CF2N, primarily comprising of 1) the com
ponents in FD2R, 2) the components in FSCFM, 

and 3) the number of FSCFMs and MDIs in the 
FSCF stage. All ablation experiments are conducted 
on the more challenging WV3 dataset.

(1) FD2R. we conduct ablation experiments on 
FD2R in order to test the impact of fine- 
grained details on the performance of pan- 
sharpening. Specifically, we proceed with 
sequential training without FD2R (w/o 
FD2R), replacing AWF in FD2R with 
Concatenation (FD2R_Cat), replacing AWF 
in FD2R with Addition (FD2R_Add), and 
implementing our proposed FD2R. The qua
litative results are shown in Figure 11(a). It 
can be seen that without FD2R and 
FD2R_Cat temporarily out obvious spatial 
distortion and spectral distortion. It is 

Figure 10. Comparison of the efficiency of existing state-of-the-art dl-based methods. The first line shows the relationship 
between reduced-scale performance and efficiency, and the second line shows the relationship between full-scale performance 
and efficiency. The first column shows the relationship between performance and NoPs, the second column shows the relationship 
between performance and the computational complexity, and the second column shows the relationship between performance 
and the time complexity.

Figure 11. Qualitative results of ablation experiments conducted for various components. (a) FD2R. (b) FSCFM. (c) The number of 
FSCFMs and MDIs.

Table 9. Ablation experiment on FD2R.

Method

Quantitative Results Efficiency Analysis

ERGAS↓ SAM↓ sCC↑ RASE↓ Q2n↑ NoPs (M) FLOPs (G) MACs (G) Time (s)

w/o FD2R 2.5737 ± 0.5481 3.8875 ± 0.7351 0.9813 ± 0.0090 7.9055 ± 1.6727 0.8612 ± 0.1093 0.12 0.99 0.50 0.016
FD2R_Cat 2.3297 ± 0.4899 3.2264 ± 0.5348 0.9878 ± 0.0055 7.4501 ± 1.9048 0.9000 ± 0.0927 1.35 3.83 1.91 0.028
FD2R_Add 2.2619 ± 0.4973 3.0381 ± 0.5507 0.9877 ± 0.0054 7.1030 ± 1.8347 0.9105 ± 0.0812 0.25 1.50 0.75 0.022
FD2R 2.1591 ± 0.4628 2.9341 ± 0.5288 0.9892 ± 0.0049 6.8298 ± 1.8060 0.9145 ± 0.0805 0.25 1.50 0.75 0.024
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worthwhile mentioning that our method can 
be regarded as a generalized version of 
FD2R_Add. Our method achieves the mini
mal residuals in AEMs. Table 9 shows the 
results of quantitative experiments, as well as 
the efficiency metrics. The proposed method 
achieves the optimal sharpening perfor
mance, albeit with a slight efficiency degra
dation. It is noteworthy that the 
concatenation of information from various 
directions by FD2R_Cat results in 
a significant increase of channels, which is 
accompanied by a significant increase in the 
NoPs and computation. Overall, we believe 
that the proposed FD2R is an integral part 
that guides the model to reconstruct finer 
details.

(2) FSCFM. The FSCFM is an additional important 
component of the proposed CF2N, which pro
vides a concrete implementation of the spectral 
terms in the proposed theoretical model. we 
sequentially train the module without FDA, 
without SDA, without FSM, and the proposed 
FSCFM. Figure 11(b) shows the sharpened 
results and AEMs, while Table 10 shows the 
quantitative experimental outcomes. The 
results in Table 10 support the conclusion that 
our method exhibits the mini mal residual, as 
demonstrated by AEMs. We observe significant 
spatial and spectral distortion in both without 
FDA and without SDA. Furthermore, the inclu
sion of the FSM significantly enhances the 
granularity of the sharpening results.

(3) Number of FSCFMs and MDIs. To examine 
the impact of the number of FSCFMs and 
MDIs in the FSCF stage, we conduct the cor
responding ablation experiments. The results 

are shown in Table 11 and Figure 11(c). It is 
evident that the sharpening performance is 
significantly improved with the increase in 
number. Furthermore, it has been observed 
that the incorporation of MDI results in 
a slight enhancement in sharpening perfor
mance, albeit the efficiency of the model is 
significantly diminished. As a result, we select 
two FSCFMs and one MDI as our baseline 
methodology for the FSCF stage.

4.6. Hyperspectral sharpening experiments

In contrast to MS data, HS data possesses a greater 
amount of information, typically comprising hun
dreds of spectral bands, albeit with a further decrease 
in spatial resolution. In order to cater to a wider range 
of interpretation scenarios, a substantial number of 
pan-sharpening techniques are naturally applied to 
HS sharpening tasks. To verify the universality of the 
proposed CF2N, we conduct additional experiments 
on two HS datasets, the Pavia Center and Botswana 
datasets (Zhuo et al. 2022). These two datasets are 
available at https://github.com/liangjiandeng/ 
HyperPanCollection. Six advanced HS sharpening 
methods were selected for comparative experiments, 
comprising EXP (Aiazzi et al. 2002), CNMF (Yokoya, 
Yairi, and Iwasaki 2012), GFPCA (Liao et al. 2015), 
PSRT (Deng et al. 2023), DBDENet (Qu et al. 2022) 
and HyperDSNet (Zhuo et al. 2022). Among these, 
CNMF and GFPCA are traditional methods; while 
the PSRT is based on the SR, DBDENet is based on 
dual-branch, and HyperDSNet is based on the detail 
injection model. Additionally, we select five matrics 
commonly employed in HS sharpening tasks for quan
titative evaluation, including SSIM (Yuhas, Goetz, and 

Table 10. Ablation experiment on FSCFM.

Method

Quantitative Results Efficiency Analysis

ERGAS↓ SAM↓ sCC↑ RASE↓ Q2n↑ NoPs (M) FLOPs (G) MACs (G) Time (s)

w/o FDA 2.2348 ± 0.5121 2.9878 ± 0.5436 0.9886 ± 0.0049 7.0742 ± 1.9260 0.9138 ± 0.0808 0.25 1.50 0.75 0.020
w/o SDA 2.2878 ± 0.5265 3.0216 ± 0.5588 0.9883 ± 0.0049 7.1599 ± 2.0074 0.9120 ± 0.0809 0.24 1.35 0.68 0.018
w/o FSM 2.1848 ± 0.4682 2.9601 ± 0.5341 0.9886 ± 0.0050 6.8881 ± 1.8553 0.9137 ± 0.0817 0.24 1.40 0.70 0.021
FSCFM 2.1591 ± 0.4628 2.9341 ± 0.5288 0.9892 ± 0.0049 6.8298 ± 1.8060 0.9145 ± 0.0805 0.25 1.50 0.75 0.024

Table 11. Ablation experiment about the number of FSCFMs and MDIs.

Method

Quantitative Results Efficiency Analysis

ERGAS↓ SAM↓ sCC↑ RASE↓ Q2n↑ NoPs (M) FLOPs (G) MACs (G) Time (s)

n = 0, m = 0 2.3880 ± 0.5541 3.1528 ± 0.5755 0.9861 ± 0.0055 7.5480 ± 2.1512 0.9052 ± 0.0851 0.14 0.59 0.29 0.005
n=1, m=0 2.3394 ± 0.4900 3.1452 ± 0.5673 0.9868 ± 0.0055 7.2730 ± 1.8995 0.9022 ± 0.0872 0.18 0.94 0.47 0.008
n = 2, m=0 2.2462 ± 0.4915 3.0313 ± 0.5509 0.9882 ± 0.0051 7.0641 ± 1.8840 0.9097 ± 0.0832 0.23 1.31 0.65 0.011
n = 2, m=1 2.1591 ± 0.4628 2.9341 ± 0.5288 0.9892 ± 0.0049 6.8298 ± 1.8060 0.9145 ± 0.0805 0.25 1.50 0.75 0.024
n = 3, m = 0 2.2192 ± 0.4760 3.0279 ± 0.5596 0.9887 ± 0.0048 6.9544 ± 1.8246 0.9114 ± 0.0819 0.28 1.67 0.84 0.014
n=3, m = 2 2.2112 ± 0.5045 2.9350 ± 0.5323 0.9893 ± 0.0048 6.9594 ± 1.9002 0.9141 ± 0.0807 0.34 2.22 1.11 0.056
n = 4, m = 0 2.2025 ± 0.4914 2.9749 ± 0.5367 0.9887 ± 0.0049 6.9463 ± 1.8686 0.9122 ± 0.0817 0.32 2.04 1.02 0.019
n = 4, m = 3 2.1963 ± 0.4823 2.9515 ± 0.5596 0.9895 ± 0.0046 6.8786 ± 1.8579 0.9147 ± 0.0803 0.43 3.00 1.50 0.088
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Boardman 1992), PSNR, SAM (Wang et al. 2004), CC, 
and ERGAS (Vivone et al. 2015).

(1) Results on Pavia Center dataset (102-Band): 
The images in this dataset have been captured 
by the Reflective Optical System Imaging 
Sensor, which provides HS with 102 bands 
within the spectral range of 0.4-0.9 μm. As 
shown in Figure 12(a), the dataset comprises 
sharpening environments for urban buildings 
and streets with a spatial resolution of 1.3 m. 
The traditional methods CNMF and GFPCA 
exhibit evident spatial and spectral distortions, 
particularly GFPCA. The SR-based method 
PSRT and the dual-branch-based method 
DBDENet exhibit slight spectral distortions, 
such as the distortion of the black building in 
the enlarged area into black gray, which can be 
attributed to inaccurate detail representation 
during the feature extraction stage or inade
quate feature interaction during the feature 
fusion stage. The detail injection-based method 
HyperDSNet shows slight spatial distortion, 
which is manifested in the pixels that do not 
exist in GT in the edge area of black buildings. 
The reason for this is that it employs five dis
tinct HF operators to extract the details in PAN, 
but ignores the complementary details in HS 
data. The proposed CF2N, on the other hand, 
exhibits the highest subjective performance, 
owing to the fact that it fully considers the 
uniqueness and complementarity of diverse 
source data, as well as the necessity of interac
tion between diverse domain features. In 

addition, the spectral vectors for a spatial loca
tion in the test sample are depicted in the left of 
Figure 13. It can be observed that the spectral 
vectors of CF2N are closest to GT, further 
proving that our method possesses the most 
superior spectral preservation capability. In 
Table 12, the proposed CF2N achieve the best 
score on all metrics. Specifically, the scores 
obtained on SSIM and SAM are at least 0.40% 
and 4.46% better than any other methods, 
respectively, which indicates that CF2N does 
the best in spectral fidelity. The scores obtained 
on PSNR, CC, and ERGAS are at least 0.43%, 
0.10%, and 1.90% superior to other methods, 
respectively, indicating that CF2N exhibits the 
highest level of spatial fidelity. These are inex
tricably linked to our methodology’s emphasis 
on the unique and complementary detail 
representation of diverse source data, as well 
as the interaction between diverse domain 
characteristics.

(2) Results on Botswana dataset (145-Band): The 
images in this dataset have been captured by the 
Earth Observing-1 (EO-1) Hyperion satellite in 
Botswana, which provides HSI with 145 bands 
in the spectral band range of 0.4-2.5 μm. 
Similarly, the traditional methods still show 
obvious spatial distortion and spectral distor
tion. The DBDENet shows slight spectral dis
tortion, such as the loss of some crucial spectral 
information in the lower left corner of the 
amplification region. HyperDSNet exhibits 
slight spectral distortion, such as the distortion 
of the middle portion of the enlarged region 

Figure 12. Qualitative evaluation results on two HS dataset. (a) Pavia Center dataset. (b) Botswana dataset.

Figure 13. The comparisons of spectral vectors from different spatial locations in Figure 12.
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into a light-yellow hue. This can be attributed 
to the inaccurate detail reconstruction and 
inadequate interaction of these methods, result
ing in the loss of crucial information. PSRT and 
the proposed CF2N show considerable shar
pening performance. In contrast, CF2N has 
texture details and spectral distribution closer 
to GT. In addition, we show the spectral vectors 
for one spatial location in the test sample 
shown in Figure 13. It can be observed that 
the spectral vectors of CF2N are closest to GT, 
further indicating that our method possesses 
the most superior spectral preservation capabil
ity. In the corresponding quantitative assess
ment, the scores obtained by CF2N on SSIM 
and SAM are at least 0.43% and 5.94% better 
than other methods, respectively. This indicates 
that CF2N exhibits the highest level of spectral 
fidelity. The scores obtained on PSNR, CC, and 
ERGAS are at least 2.19%, 1.41%, and 7.61% 
superior to other methods, indicating that 
CF2N exhibits the highest level of spatial 
fidelity.

In general, the proposed CF2N is capable of adapt
ing to these environments and exhibiting superior 
sharpening performance in the HS pan-sharpening 
task, regardless of whether it is a high-fine-grained 
urban environment or a coarse-grained swamp envir
onment. Benefiting from the uniqueness and comple
mentarity of diverse source data and the necessity of 
interaction between diverse domain features.

4.7. Extended experiments on heterogeneous 
fusion

The proposed CF2N achieves superior fusion perfor
mance when applied to homogeneous fusion tasks, 
such as MS image pan-sharpening and HS image pan- 
sharpening. We conduct extended experiments in 
a heterogeneous fusion task, specifically the SAR- 
optical fusion (Hong et al. 2024; Yu et al. 2023), to 
further validate the generalization capability and scal
ability of CF2N. Specifically, we conduct SAR-Optical 
fusion cloud removal experiments on the global 

dataset SEN2MS-CR (Ebel et al. 2020), which contains 
122,218 pairs of SAR data from Sentinel-1 and MS 
cloudy and cloud-free data from Sentinel-2 with 13 
bands. The height and width of each patch are 256. Six 
non-overlapping Regions of Interest in winter are 
randomly chosen for model training, validation, and 
testing. The number of patches in the training set, 
validation set, and test set is 3166, 718, and 780, 
respectively. This dataset is available at https://media 
tum.ub.tum.de/1554803. In addition, three advanced 
cloud removal methods were used for comparative 
analysis, including U-Net3D (Rose et al. 2019), 
DSen2-CR (Meraner et al. 2020) and GLF-CR (Xu 
et al. 2022).

Figure 14 depicts the fusion scenarios under two 
different cloud coverages. When the cloud is thin, the 
proposed CF2N shows a considerable cloud removal 
effect. However, the fusion result exhibits obvious 
distortion when the cloud is thick and covers a large 
area. It is apparent that the proposed model retains the 
edge texture of the cloud part to a certain extent, 
owing to its excessive focus on reconstructing the 
details in diverse source images. Furthermore, it is 
evident from Table 13 that CF2N exhibits superior 
performance in PSNR, MAE and RMSE, thereby 
enabling it to achieve higher reconstruction quality. 
However, CF2N fails to excel in SSIM and SAM, 
further indicating that the spatial structure and spec
tral correlation of the fused image are affected by the 
interference of clouds. In addition, the proposed 
CF2N clearly outperforms both DSen2-CR and GLF- 
CR in terms of effectiveness. In general, our metho
dology demonstrates the potential to be extended to 
other multimodal fusion tasks.

5. Discussion

Given the importance of fine detail representation 
and the interaction between diverse domains for the 
pan-sharpening task, we have developed a novel cross 
fusion model. Guided by this theoretical model, we 
propose an efficient network known as CF2N. CF2N 
possesses both the interpretability of traditional 
methods and the adaptability of DL-based methods. 
In both R-Test and F-Test, we evaluate the 

Figure 14. Qualitative evaluation results on heterogeneous sar-optical fusion.
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sharpening performance of each method under vary
ing experimental conditions, including image quality, 
sensor type, and sharpening scene. Experiments have 
demonstrated that with the enhancement of image 
quality and the increasing complexity of sharpening 
scenes, the majority of methods exhibit a discernible 
decline in performance. In contrast, our method 
shows strong robustness and generalization ability 
in different scenarios, owing to its emphasis on 
unique and complementary detail representations in 
diverse source images and the interaction between 
diverse source features. Furthermore, experiments 
on two HS datasets further validate that the proposed 
method is capable of achieving superior sharpening 
performance in both coarse-grained and fine-grained 
environments. As depicted in Figure 15, the visuali
zation of the detail representations in different mod
els serves to more intuitively validate the necessity of 
detail reconstruction. The detail representations that 
require extraction for the subsequent networks con
structed by FusionNet do not exhibit the spatial 
details in diverse source images. This is due to the 
fact that they solely consider the spatial information 
unique to the PAN, omitting the unique spatial infor
mation present in MS and the complementary infor
mation present in diverse source images. In contrast, 
the reconstructed detail representation of our 
method is richer than the details in any of the original 
image pairs, due to the fact that we consider both the 
unique and complementary information in diverse 
source images. As a result, our methodology yields 
more reasonable frequency details, thereby providing 
a solid foundation for the generation of HRMS. 
However, as shown in Figure 9 of the experimental 
findings on the WV3 dataset, it is evident that exces
sive attention to spatial details in both PAN and MS 
leads to spectral distortion in certain local regions of 
the fused image, particularly when the sharpening 
target is a vehicle. In addition, the efficiency analysis 

indicates that the proposed method still has room for 
improvement in terms of timeliness.

The proposed method also shows excellent gener
alization ability and scalability in SAR-optical fusion 
task, owing to the effective exploration of unique and 
complementary details in diverse source data. 
However, in instances where the cloud in the optical 
image is thick and the coverage area is large, the 
fusion outcome of the proposed method exhibits 
evident spectral distortion. The reason for this is 
that the cloud interference causes the model to 
focus on the edge texture of the cloud. Furthermore, 
the introduction of task-specific prior knowledge is 
absent, such as the extraction and utilization of cloud 
mask information, as well as the consideration of the 
impact of speckle noise in SAR and its polarization 
characteristics. In general, our methodology is cap
able of preserving finer details, including frequency 
details and spectral details, thereby achieving high 
frequency-spectral fidelity in homogeneous pan- 
sharpening tasks. Simultaneously, it demonstrates 
that it can be extended to a heterogeneous fusion 
task.

6. Conclusions

With regards to the issues of inaccurate detail 
representation, inadequate feature interaction, 
lack of interpretability, high model complexity, 
and high computational complexity in the pan- 
sharpening task, we propose a novel cross fusion 
model with fine-grained detail reconstruction and 
develop the CF2N guided by this model. The 
CF2N consists of two main stages: FD2R and 
FSCF. Specifically, in order to achieve a more 
reasonable reconstruction of the fine spatial infor
mation, we design the FD2R by analyzing the 
diverse source images to HRMS detail-to-detail 
relationship in the frequency-domain. The recon
structed details can provide the foundation for the 

Figure 15. Eight examples of detail representation in different methods. The first line shows the original image pairs with the left 
side being PAN and the right side being MS; the second, third and fourth lines show the detail representations, the fusion results 
and the corresponding AEMs, respectively, with the left side being FusionNet and the right side being the proposed CF2N.
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generation of fine details in the subsequent fused 
images. The FSCF stage, integrates the localization 
between frequency details and corresponding 
spectral details through a highly cross fusion man
ner, taking into account the interaction of diverse 
domain details in the fusion process. The CF2N 
can balance the sharpening performance and effi
ciency through the analysis and ablation experi
ments of each module. High frequency-spectral 
fidelity fusion results can be achieved on five 
datasets in two sharpening tasks, demonstrating 
the adaptability and robustness of the proposed 
method under diverse experimental conditions. 
In R-Test, our method achieves ERGAS scores 
that are at least 8.02%, 5.74%, and 3.76% superior 
to other advanced methods on GF2, QB, and 
WV3, respectively. In F-Test, the QNR scores 
obtained by our method on GF2, QB, and WV3 
are at least 0.12%, 0.45%, and 1.55% higher than 
other methods, respectively. These outcomes indi
cate that the proposed method possesses robust 
fitting capability at reduced-scale and generaliza
tion capability in real-world sharpening scenarios. 
In the HS sharpening experiment, the ERGAS scores 
obtained by our method on the Pavia Center with 
a resolution of 1.3 m and Botswana datasets with 
a resolution of 30 m are at least 1.90% and 7.61% superior 
to other methods, respectively. This further confirms that 
our method is suitable for both coarse- and fine-grained 
scenes. Furthermore, the performance of the proposed 
method on heterogeneous SAR-Optical fusion proves its 
potential for other RS image fusion tasks. In the forth
coming research, we will further explore the theory 
model with a particular emphasis on enhancing the 
balance between spatial and spectral preservation and 
the issue of low timeliness will be avoided. 
Furthermore, we will endeavor to introduce task- 
specific prior knowledge on the basis of the existing 
model, thereby enabling its application to a wider range 
of multimodal fusion scenarios.
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