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Abstract—Pansharpening seeks to reconstruct high-spatial-res-

olution multispectral (MS) images by integrating the complemen-

tary spectral information of low-spatial-resolution MS images and 

the spatial details of high-spatial-resolution panchromatic (PAN) 

images. Despite their complementary nature, the substantial dis-

crepancy in spatial resolution and information representation be-

tween the two modalities makes it difficult to simultaneously re-

cover fine spatial structures and preserve spectral fidelity. To ad-

dress this challenge, we propose a Multi-Scale Spatial-Spectral 

Feature Fusion Network (MSPF-Net) for effective spatial–spectral 

information integration. MSPF-Net establishes a hierarchical fu-

sion framework that jointly exploits multiscale spatial structures, 

PAN-derived high-frequency information, and adaptive spatial–
spectral interactions. Multi-scale Pyramid Feature Extraction 

captures structural information across different receptive fields, 

while PAN High-frequency Enhancement module provides ex-

plicit high-frequency spatial priors for detail reconstruction. A 

spectral-spatial attention fusion then adaptively regulates the con-

tribution of complementary features to achieve a more effective 

balance between spatial enhancement and spectral preservation. 

Extensive experiments on the IKONOS, WorldView-3, and Pléia-

des datasets demonstrate that MSPF-Net consistently achieves 

strong performance under the reduced-resolution (RR) protocol, 

obtaining the best PSNR, RMSE, SAM, and ERGAS results across 

all three datasets. Full-resolution (FR) experiments further 

demonstrate its effectiveness under realistic full-resolution condi-

tions. These results validate the capability of MSPF-Net to effec-

tively reconcile spatial detail restoration and spectral fidelity, 

providing an effective framework for high-quality remote sensing 

image pansharpening. 

 
Index Terms—Pansharpening, multi-scale feature fusion, high-

frequency enhancement, spectral-spatial attention fusion. 

I. INTRODUCTION 

HE rapid development of remote sensing technology has 

created an increasing demand for high-resolution Earth ob-

servation data in applications such as land-cover classification, 

resource exploration, and disaster monitoring. However, sens-

ing satellite imaging systems are constrained by sensor hard-

ware limitations and transmission bandwidth, making it diffi-

cult to simultaneously acquire observations with high spatial 

and spectral resolutions. Pansharpening has therefore become 

an important technique in remote sensing image processing, 

aiming to generate high-resolution multispectral (HRMS) im-

ages by integrating the spatial details of high-spatial-resolution 

panchromatic (PAN) images with the spectral information of 

low-spatial-resolution multispectral (MS) images[1, 2]. The re-

sulting HRMS images provide enhanced spatial structures 

while preserving spectral characteristics, thereby improving the 

quality of subsequent remote sensing interpretation and analy-

sis. 

Early pansharpening methods mainly relied on model-driven 

strategies, including component substitution (CS), multi-reso-

lution analysis (MRA), and variational optimization (VO). CS-

based methods achieve spatial enhancement through compo-

nent transformation and replacement, providing high computa-

tional efficiency but often introducing spectral distortions[3]. 

MRA-based methods exploit multiscale representations, such 

as pyramids and wavelets, to extract and inject spatial details, 

generally providing better spectral fidelity but limited adapta-

bility to complex spatial structures[1, 2]. VO-based methods 

formulate pansharpening as an optimization problem with data-

fidelity terms and prior constraints, providing a principled 

framework for incorporating physical assumptions. However, 

their performance depends strongly on handcrafted priors and 

iterative optimization, which limits computational efficiency 

and adaptability to diverse scenes [4]. Consequently, traditional 

approaches remain constrained by predefined assumptions and 

handcrafted representations, making it difficult to achieve a sat-

isfactory balance between spatial detail enhancement and spec-

tral fidelity. 

With the rapid development of deep learning, data-driven 

methods have substantially advanced pansharpening by learn-

ing nonlinear mappings between PAN and MS images. Convo-

lutional neural networks (CNNs) have demonstrated the capa-

bility to learn effective feature representations for pansharpen-

ing and improve spatial detail reconstruction[5]. Subsequent 

studies have further introduced attention mechanisms, mul-

tiscale architectures, and other advanced learning strategies to 

enhance feature extraction and multimodal information fu-

sion[6, 7]. Despite these advances, several challenges remain. 

First, PAN images contain rich high-frequency information, in-

cluding edges, textures, and local structural variations, yet ex-

isting methods often rely on generic feature extraction or im-

plicit detail injection, which may not fully exploit informative 

high-frequency responses. Second, remote sensing scenes ex-

hibit substantial variations in object scale and structural com-

plexity, making it difficult for single-scale representations to 

simultaneously capture fine-grained details and broader contex-

tual information[8]. Third, PAN and MS images differ substan-

tially in spatial resolution, spectral dimensionality, and feature 

distribution. Direct feature concatenation or simple fusion strat-

egies therefore have limited ability to establish effective cross-

modal interactions, which may hinder the complementary utili-

zation of spatial and spectral information[7]. 

Recent studies have attempted to alleviate these limitations 

through multiscale modeling, attention mechanisms, cross-

modal fusion, and spatial-frequency interaction. Multiscale and 

multi-stream architectures enhance the representation of spatial 

and spectral information at different levels[8], while bilateral 

pyramid and attention-based strategies further improve the in-

teraction between spatial and spectral features[7, 9]. Spatial-fre-

quency modeling provides another effective perspective for 

characterizing structural information and high-frequency de-

tails[10]. Meanwhile, feature interaction and adaptive fusion 

mechanisms have been explored to better coordinate the com-

plementary characteristics of PAN and MS images[11, 12]. Alt-
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hough these approaches have achieved encouraging perfor-

mance, they generally emphasize specific aspects of the fusion 

process. In particular, the joint modeling of informative high-

frequency PAN details, multiscale spatial structures, and spec-

tral-spatial feature relationships remains insufficiently ex-

plored. This limitation may lead to blurred textures, spectral de-

viations, or spatial artifacts when complex structures and heter-

ogeneous image characteristics are encountered. Therefore, a 

unified fusion framework is still needed to explicitly enhance 

spatial information while adaptively coordinating spatial and 

spectral representations. 

To address these challenges, we propose a Multi-Scale Spa-

tial-Spectral Feature Fusion Network (MSPF-Net) for high-

quality pansharpening. MSPF-Net establishes a hierarchical 

feature learning and fusion framework that progressively en-

hances PAN spatial information, models spatial structures 

across multiple scales, and adaptively integrates complemen-

tary spatial and spectral features. Specifically, a PAN High-fre-

quency Enhancement (PHE) module is designed to explicitly 

strengthen informative high-frequency responses in PAN im-

ages, improving the representation of edges, textures, and local 

structures. A Multi-scale Pyramid Feature Extraction (MPFE) 

module is introduced to construct hierarchical spatial represen-

tations and capture structural information across different 

scales. Furthermore, a Spectral-Spatial Attention Fusion 

(SSAF) module is developed to adaptively model the relation-

ships between spatial and spectral features, facilitating effective 

cross-modal information interaction and promoting a better bal-

ance between spatial detail restoration and spectral fidelity. 

The main contributions of this work are summarized as fol-

lows: 

1)A Multi-Scale Spatial-Spectral Feature Fusion Network 

(MSPF-Net) is proposed for pansharpening. The network estab-

lishes a hierarchical fusion process that jointly considers high-

frequency spatial enhancement, multiscale feature representa-

tion, and spectral-spatial feature interaction, enabling more ef-

fective spatial-spectral information integration. 

2)A PAN High-frequency Enhancement (PHE) module is de-

veloped to explicitly enhance informative high-frequency re-

sponses in PAN images, improving the network's ability to 

characterize edges, textures, and local structural details. 

3)A Multi-scale Pyramid Feature Extraction (MPFE) module 

and a Spectral-Spatial Attention Fusion (SSAF) module are in-

troduced to model spatial structures at multiple scales and adap-

tively integrate complementary spatial and spectral features, re-

spectively, thereby facilitating coordinated reconstruction of 

spatial details and spectral information. 

4)Extensive experiments are conducted on the IKONOS, 

Pléiades, and WorldView-3 (WV3) datasets under both re-

duced-resolution (RR) and full-resolution (FR) protocols. 

Quantitative evaluations, visual comparisons, and ablation 

studies demonstrate the effectiveness and robustness of the pro-

posed MSPF-Net. 

II. RELATED WORKS 

A. Traditional and Deep Learning-based Pansharpening 

Methods 

Pansharpening aims to generate high‑resolution multispectral 

(HRMS) images by fusing high‑spatial‑resolution panchro-
matic (PAN) images with low‑spatial‑resolution multispectral 
(MS) images, while simultaneously preserving spatial details 

and spectral fidelity. Traditional pansharpening methods 

mainly include component substitution (CS) and MRA ap-

proaches. CS‑based methods transform MS images into a spe-
cific feature space and replace or adjust the spatial component 

using PAN information. In contrast, MRA‑based methods ex-

tract multi‑scale spatial details from PAN images and inject 
them into MS images. Although these approaches are computa-

tionally efficient and easy to implement, their performance 

heavily depends on manually designed transformation models 

and detail injection strategies. Consequently, they often fail to 

characterize the complex nonlinear relationship between PAN 

and MS images, resulting in spectral distortion and inaccurate 

spatial enhancement. 

With the rapid development of deep learning, CNN‑based 
pansharpening methods have gradually become dominant due 

to their powerful feature representation capability. Unlike tra-

ditional approaches relying on handcrafted rules, deep neural 

networks can establish nonlinear mappings between PAN spa-

tial information and MS spectral information through 

end‑to‑end learning. However, existing CNN‑based methods 
still suffer from limited receptive fields and insufficient feature 

representation ability, which may lead to incomplete spatial de-

tail recovery and weak structural modeling in complex 

scenes[13]. Moreover, many existing methods extract PAN and 

MS features separately and subsequently perform feature con-

catenation or progressive fusion, which cannot fully exploit the 

complementary characteristics between different modali-

ties[14]. 

Recently, increasing attention has been paid to more effective 

cross‑modal information interaction strategies. DUCD explic-
itly decomposes PAN and MS features into common and unique 

components through a deep unfolding framework, improving 

the utilization of complementary information between different 

modalities[14]. PDAF further explores heterogeneous comple-

mentary information between PAN and MS images by intro-

ducing local‑global adaptive modulation, enabling more flexi-
ble feature fusion[15]. These studies demonstrate that fully ex-

ploiting the complementary relationship between spatial and 

spectral information is essential for improving pansharpening 

performance. 

Despite the significant progress achieved by deep learn-

ing‑based methods, several challenges remain unresolved, in-
cluding effective spatial detail reconstruction, multi‑scale struc-
tural representation, and fine‑grained spatial‑spectral interac-
tion. Therefore, developing more powerful feature representa-

tion and fusion strategies remains an important research direc-

tion in pansharpening. 

B. Spatial Feature Enhancement and Multi-scale Representa-

tion for Pansharpening 

PAN images contain abundant high‑frequency information, 
including edges, textures, and structural details, due to their 

higher spatial resolution. Therefore, effectively extracting and 

utilizing spatial information from PAN images is critical for im-

proving pansharpening performance. However, high‑frequency 
components may contain both meaningful structural infor-

mation and noise. Directly injecting these components into MS 
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images may introduce artifacts, excessive sharpening, or spec-

tral inconsistency. Therefore, designing adaptive spatial en-

hancement strategies has become an important research topic. 

To enhance spatial details, recent studies have explored var-

ious strategies based on pixel differences, gradient information, 

and frequency‑domain modeling. Pixel Difference Enhance-
ment methods utilize pixel‑level variations and multi‑scale con-
volution operations to enhance edge and texture representa-

tions, improving the capability of networks to capture local spa-

tial structures [16]. RFDGNet further introduces frequency de-

composition and gradient‑adaptive high‑frequency enhance-
ment to model spatial details more effectively while suppress-

ing irrelevant high‑frequency disturbances[17]. In addition, fre-

quency‑domain feature learning methods have been investi-
gated to explicitly characterize the relationship between 

high‑frequency PAN components and MS features, further im-
proving spatial reconstruction capability. 

Besides spatial detail enhancement, remote sensing images 

usually contain complex objects with significant scale varia-

tions, making single‑scale feature representation insufficient for 
capturing diverse spatial structures. Consequently, multi‑scale 
representation learning has been widely adopted in pansharpen-

ing networks. MMFN constructs a multi‑scale multi‑stream ar-
chitecture to extract spatial and spectral features at different lev-

els, thereby improving the representation ability of complex 

structures[8]. A bilateral pyramid network further establishes 

complementary spatial and spectral branches to achieve hierar-

chical feature extraction and cross‑scale information interac-
tion[7]. Furthermore, some recent studies incorporate attention 

mechanisms into multi‑scale frameworks, allowing networks to 
adaptively select important features from different scales[11]. 

Although these methods have achieved promising perfor-

mance, existing spatial enhancement and multi‑scale strategies 
still have several limitations. On the one hand, some approaches 

rely heavily on explicit high‑frequency extraction or local en-
hancement operations, which may not adapt well to diverse re-

mote sensing scenes. On the other hand, multi‑scale features are 
commonly fused through fixed operations such as concatena-

tion or summation, while the dynamic interactions among dif-

ferent scales remain insufficiently explored. 

Therefore, effectively enhancing spatial details while estab-

lishing adaptive multi‑scale spatial representations remains an 
important challenge in pansharpening. 

C. Spectral-Spatial Feature Fusion and Attention Mechanisms 

Due to the significant differences between PAN and MS im-

ages in spatial resolution, spectral dimensions, and feature dis-

tributions, effective spatial‑spectral information interaction is a 
fundamental issue in pansharpening. PAN images provide rich 

spatial structures but lack spectral diversity, whereas MS im-

ages contain abundant spectral information but suffer from lim-

ited spatial resolution. Therefore, an ideal fusion strategy 

should fully exploit their complementary characteristics while 

avoiding spectral distortion caused by spatial detail injection. 

Recently, attention mechanisms have been widely introduced 

into pansharpening networks to adaptively learn the importance 

of different features. For example, the Residual Double‑Atten-
tion Network combines channel and spatial attention mecha-

nisms to recalibrate feature representations, enhancing spatial 

detail recovery while reducing spectral distortion[13]. 

SSA‑MRN further introduces spectral‑spatial attention guid-
ance to establish correlations among different feature dimen-

sions, enabling more effective spatial and spectral feature mod-

eling[9]. These studies demonstrate the effectiveness of atten-

tion mechanisms in balancing heterogeneous information from 

different modalities. 

Beyond conventional attention mechanisms, cross‑modal 
feature interaction strategies have also attracted increasing in-

terest. CMIAN introduces a cross‑modal information aggrega-
tion mechanism to adaptively integrate PAN and MS features 

according to their differences, improving complementary fea-

ture utilization[12]. FIAFN further develops feature interaction 

attention and adaptive feature selection strategies, enabling dy-

namic coordination between local PAN textures and global MS 

spectral representations[11].MSSDIBNet adopts a spatial‑spec-
tral dual injection strategy to enhance spatial details while cor-

recting potential spectral deviations, achieving a better balance 

between spatial enhancement and spectral preservation[18]. 

However, existing attention‑based and cross‑modal fusion 
methods still have limitations. First, many approaches perform 

spatial‑spectral interaction at a single scale or feature level, lim-
iting their ability to exploit hierarchical spatial structures. Sec-

ond, existing fusion strategies mainly focus on channel recali-

bration or spatial weighting, while the fine‑grained and dy-
namic interaction between multi‑scale spatial information and 
spectral characteristics remains insufficiently investigated. 

Therefore, developing an effective adaptive interaction 

mechanism between multi‑scale spatial features and spectral in-
formation remains a key challenge for high‑quality pansharp-
ening. 

III. PROPOSED ALGORITHM 

A.  Overall structure 

The objective of pansharpening is to reconstruct high-resolu-

tion multispectral (HRMS) images from low-resolution multi-

spectral (LRMS) and high-resolution panchromatic (PAN) im-

ages while simultaneously improving spatial resolution and pre-

serving spectral fidelity. Due to the substantial differences be-

tween PAN and LRMS images in spatial resolution, spectral di-

mensionality, and feature distributions, effectively extracting 

spatial details from PAN, preserving spectral information from 

LRMS, and establishing cross-scale interactions between them 

are crucial for high-quality pansharpening. To address the in-

sufficient spatial detail recovery and limited spatial-spectral in-

teraction in existing methods, we propose a Multi-Scale Spatial-

Spectral Feature Fusion Network (MSPF-Net). The proposed 

network consists of three core modules: the PAN High-fre-

quency Enhancement (PHE) module, the Multi-scale Pyramid 

Feature Extraction (MPFE) module, and the Spectral-Spatial 

Attention Fusion (SSAF) module. Given the LRMS image, 

PAN image, high-resolution RGB image (SRGB), and low-res-

olution RGB image (LRGB), MSPF-Net jointly models the 

complementary information from these inputs to reconstruct the 

HRMS image. The overall architecture of the proposed network 

is illustrated in Fig. 1. 
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Fig. 1. Overall architecture of the proposed MSPF-Net. Given LRMS, PAN, SRGB, and LRGB inputs, the network progressively performs multi-source feature 

encoding, PAN high-frequency enhancement, multi-scale feature extraction, and spectral-spatial attention fusion to reconstruct the HRMS image. 
 

For the input LRMS, PAN, SRGB, and LRGB images, sepa-

rate feature extraction branches are first employed for prelimi-

nary encoding. Since the spatial resolutions of LRMS and 

LRGB are lower than that of the target HRMS image, a trans-

posed convolution with a stride of 4 is first applied to upsample 

their spatial dimensions. For the LRMS branch, the upsampled 

feature is additionally preserved through a skip connection and 

added to the reconstructed output at the end of the network to 

retain the original multispectral information. For SRGB and 

LRGB, convolutional and upsampling-convolutional blocks are 

respectively employed to extract RGB-related features, which 

are subsequently concatenated and further transformed to con-

struct an RGB-guided feature representation. 

Specifically, let LRMS, PAN, SRGB, and LRGB be denoted 

by
LX ,

PX ,
SX , and

RX , respectively. The LRMS branch first 

produces: 

( )L LF X= U
 

where ( )U denotes the spatial upsampling operation. Mean-

while, SRGB and LRGB are processed by separate convolu-

tional feature extraction branches: 

( ), ( ( ))S S S R R RF X F X= =C U C
 

where ( )C  denotes convolution-based feature extraction. 

The resulting RGB features are then concatenated and further 

integrated through a convolutional layer: 

RGB ([ , ])F S RF F F= C
 

On the other hand, the PAN image contains abundant high-

frequency spatial information, including edges, textures, and 

structural details. To exploit this information more effectively, 

the PAN feature is processed by the PAN High-frequency En-

hancement (PHE) module before entering the main fusion 

stage: 

( )H

P PF F= H
 

where ( )H  denotes the PAN high-frequency enhancement 

operation. The enhanced PAN feature is then concatenated with 

the upsampled LRMS feature and processed by a convolutional 

layer to obtain the initial fused representation: 

Fus ([ , ])H H

F L PF F F= C
 

where 
H

LF  denotes the upsampled LRMS feature. 

The resulting initial fused feature is subsequently fed into the 

Multi-scale Pyramid Feature Extraction (MPFE) module. 

MPFE performs parallel feature modeling at four spatial scales, 

including the original resolution and 
1

2
, 

1

4
, and 

1

8
 downsam-

pled resolutions. This design enlarges the effective receptive 

field while simultaneously capturing local textures and broader 
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spatial structures. Features extracted at different scales are re-

stored to a unified spatial resolution and then concatenated and 

fused through convolution to produce the multi-scale enhanced 

representation: 

( )M FF F= P
 

where ( )P  denotes the multi-scale pyramid feature extrac-

tion operation. 

The multi-scale enhanced feature is further refined by two 

cascaded Spectral-Spatial Attention Fusion (SSAF) modules. 

The first SSAF module integrates the multi-scale feature repre-

sentation with the RGB-guided feature to enhance the comple-

mentary information among different modalities. The second 

SSAF module further introduces the enhanced PAN feature, 

progressively strengthening the interaction between spatial de-

tails and spectral-related information. The process can be for-

mulated as: 

1 1 RGB 2 2 1( , ), ( , )H

A M A A PF F F F F F= =A A
 

where ( )1 A  and ( )2 A  denote the two cascaded attention 

residual fusion modules, respectively. 

Finally, the refined feature is mapped to the target number of 

multispectral channels through a 3 3  convolution to obtain 

the reconstructed feature RF . To reduce the loss of original 

spectral information during deep reconstruction, the upsampled 

LRMS input is introduced as a global residual branch and added 

element-wise to the reconstructed feature. The final HRMS out-

put is therefore obtained as: 

2
ˆ ( )R A LY F F= +C

 
where Ŷ  denotes the reconstructed high-resolution multi-

spectral image. 

Overall, MSPF-Net establishes a complete processing pipe-

line consisting of multi-source feature encoding, PAN high-fre-

quency enhancement, multi-scale feature extraction, spectral-

spatial attention fusion, and residual reconstruction. The net-

work enhances feature learning from three complementary per-

spectives: effective utilization of PAN spatial details, multi-

scale spatial representation, and adaptive fusion of multi-source 

spectral-spatial features. The three core modules are the PAN 

High-frequency Enhancement (PHE) module, Multi-scale Pyr-

amid Feature Extraction (MPFE) module, and Spectral-Spatial 

Attention Fusion (SSAF) module. 

B. Multi-scale Pyramid Feature Extraction (MPFE) 

Spatial information in pansharpening exhibits strong scale 

dependency. The PAN image contains abundant high-fre-

quency spatial structures, such as edges and textures, while the 

LRMS image mainly provides spectrally consistent but spa-

tially degraded multispectral information. After the initial spa-

tial-spectral feature fusion, the intermediate representation con-

tains local textures, object boundaries, and regional contextual 

structures. However, these spatial patterns usually exist at dif-

ferent scales: fine-scale features are more effective for describ-

ing local details, whereas larger-scale representations are bene-

ficial for capturing broader contextual information. A single-

scale convolutional operation with a limited receptive field is 

insufficient to simultaneously model local details and large-

scale structures, which may degrade spatial reconstruction per-

formance in complex scenes. 

 
Fig. 2. Architecture of the multi-scale pyramid feature extraction (MPFE). 

 
To address this limitation, a Multi-scale Pyramid Feature Ex-

traction (MPFE) module is proposed, as illustrated in Fig. 2. 

Instead of simply stacking convolutions with different kernel 

sizes, MPFE constructs multi-scale feature representations by 

performing parallel spatial-scale transformations and subse-

quently aggregating them in a unified feature space. This design 

enables the network to jointly capture fine-grained textures and 

regional structural information. 

Let the intermediate feature representation obtained after fus-

ing LRMS, PAN, and RGB-related features be denoted as: 
C H WF    

where C , H , and W  represent the number of feature chan-

nels, height, and width, respectively. MPFE first constructs par-

allel feature representations at four spatial scales, including the 

original scale, 
1

2
, 

1

2
, and 

1

8
 scales. The feature representation 

at the 𝑘-th scale can be formulated as: 

( )( )
kk k sF F= D

 
where {1,2,4,8}ks  , ( )

ks D denotes the average pooling op-

eration with scale factor ks , and ( )k  represents a feature 

transformation operation consisting of a 3 3 convolution fol-

lowed by a ReLU activation. For the original-scale branch, 

1 1s = , and thus no spatial downsampling is performed. 

Specifically, the original-scale branch preserves the spatial 

resolution of the input feature and focuses on extracting fine-

grained spatial variations: 

1 1( )F F=
 

For the remaining three branches, average pooling operations 

with kernel sizes of 2 2 , 4 4 , and 8 8 are respectively ap-

plied to reduce the spatial resolution: 

2 2 2

3 3 4

4 4 8

( ) ,

( ) ,

( )

( )

( )

( ).

F D F

F D F

F D F







=

=

=
 

Through this parallel multi-scale construction, different 

branches capture spatial information with different receptive 

fields. The original-scale branch mainly preserves local textures 

and edge variations, while the lower-resolution branches aggre-

gate contextual information over larger spatial regions. Conse-

quently, the feature representation gradually expands from local 

details to regional structural information. 

Since the feature maps generated at different scales have in-

consistent spatial resolutions, the lower-resolution features are 

F

(C×H×W)

1×

H×W

1/2×

H/2×W/2

1/4×

H/4×W/4

1/8×

H/8×W/8

3×3 Conv + 

ReLU

3×3 Conv + 

ReLU

3×3 Conv + 

ReLU

3×3 Conv + 

ReLU

C
o

n
ca

t

F

(C×H×W)

1×1

Conv
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restored to the original spatial size through bilinear interpola-

tion: 

ˆ ( ), {2,3,4},k kF F k= U
 

where ( )U denotes the bilinear upsampling operation. After 

scale alignment, all feature representations share the same spa-

tial resolution of H W . 

The aligned multi-scale features are then concatenated along 

the channel dimension: 

cat 1 2 3 4
ˆ ˆ ˆConcat , , ,( )F F F F F=  

Compared with direct element-wise addition, channel-wise 

concatenation preserves the complementary information ex-

tracted from different spatial scales, enabling subsequent fea-

ture learning to establish correlations among various-scale rep-

resentations. A 1 1  convolution is further employed to per-

form cross-scale feature fusion and channel compression: 

fuse 1 1 cat( )F F= C
 

where ( )1 1 C  denotes the 1 1 convolution operation for 

channel interaction and feature aggregation. 

To reduce the disturbance caused by multi-scale transfor-

mations and preserve the original feature representation, a re-

sidual connection is introduced: 

MPFE fuseF F F= +  

The final MPFE output 
MPFEF  integrates the original spatial-

spectral fusion features with contextual information extracted 

from different spatial scales. 

From the perspective of feature representation, MPFE explic-

itly establishes a local-to-regional hierarchical spatial represen-

tation rather than simply increasing the network depth. The 

original-scale branch preserves fine-grained spatial details, 

while the lower-resolution branches enlarge the receptive field 

to capture broader contextual structures. By aligning and aggre-

gating multi-scale features, MPFE enables complementary in-

teraction between local details and regional spatial information. 

Moreover, the residual connection preserves the original fu-

sion feature containing LRMS-related spectral information, re-

ducing the potential spectral distortion introduced by multi-

scale spatial processing. Therefore, MPFE provides richer 

multi-scale spatial representations for the subsequent Spectral-

Spatial Attention Fusion (SSAF) modules and forms a progres-

sive feature learning process from PAN high-frequency en-

hancement to multi-scale spatial modeling and adaptive spatial-

spectral fusion. 

C. PAN High-frequency Enhancement (PHE) 

In pansharpening, the PAN image provides abundant spatial 

information, including edges, textures, and local structural de-

tails, which is essential for reconstructing high-resolution mul-

tispectral images. However, PAN images lack complete spec-

tral information, and their high-frequency responses may con-

tain not only useful spatial details but also noise and incon-

sistent spatial patterns that do not correspond to the spectral 

characteristics of MS images. Therefore, directly introducing 

PAN features into the fusion process may propagate redundant 

or unreliable spatial responses, leading to spectral distortion.  
 

 

Fig. 3. Architecture of the PAN high-frequency enhancement (PHE). 

 

To address this issue, we propose a PAN High-frequency En-

hancement (PHE) module, as illustrated in Fig. 3, to explicitly 

enhance discriminative spatial details from PAN features before 

feature fusion. Instead of simply increasing the intensity of 

PAN responses, PHE extracts high-frequency spatial compo-

nents through feature decomposition and performs adaptive re-

finement, enabling more effective spatial information utiliza-

tion during subsequent reconstruction. 

Given the input PAN image 
PX , a shallow convolution layer 

is first applied to extract the initial PAN feature representation: 

( )P P PF X=  

Where ( )P   denotes the initial PAN feature extraction op-

eration. Since spatial structures can be decomposed into low-

frequency components representing smooth regions and high-

frequency components describing edges and textures, a high-

frequency residual representation is extracted from the PAN 

feature: 

( )H

P P PF F F= −A  

where ( )A represents the average pooling operation used to 

approximate the low-frequency component. The extracted high-

frequency feature is then refined through convolutional trans-

formations: 

ˆ ( )H H

P H PF F=  

where ( )H  denotes the high-frequency feature enhance-

ment operation. Finally, a residual connection is introduced to 

preserve the original spatial representation while enhancing 

high-frequency details: 
enh ˆ H

P P PF F F= +  

The residual design enables PHE to strengthen edge and tex-

ture responses while avoiding excessive modification of the 

original PAN spatial structure. Moreover, performing enhance-

ment in the feature domain allows the network to learn task-

oriented spatial representations rather than directly manipulat-

ing PAN pixels, improving the adaptability of spatial detail re-

construction. 

After PHE, the enhanced PAN feature is fused with the up-

sampled LRMS feature. Let the upsampled LRMS representa-

tion be denoted as 
H

LF , the initial spatial-spectral fusion feature 

can be formulated as: 
enh,([ ])H

F F L PF F F= C  

where [ , ]  denotes channel-wise concatenation and ( )F C

represents the convolutional fusion operation. In this way, the 

PAN branch mainly provides high-resolution spatial priors, 

while the LRMS branch preserves spectral-related information. 

The complementary information from both modalities is ini-

tially integrated before being further processed by subsequent 

PAN

(1×H×W)

3×3 Conv -1 4 -1

0 -1 0

0 -1 0

Laplacian Filter

3×3 Conv

 Enhanced PAN Feature

(1×H×W)
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modules. 

It should be noted that the enhanced PAN feature is not di-

rectly used for image reconstruction. Instead, it serves as an in-

formative spatial prior for subsequent multi-scale feature mod-

eling and spatial-spectral interaction. This strategy prevents the 

network from over-relying on PAN-derived details and enables 

MPFE and SSAF modules to further balance spatial enhance-

ment and spectral preservation. 

Therefore, PHE enhances the representation capability of 

high-resolution spatial information and provides more reliable 

spatial guidance for feature fusion. Together with Multi-scale 

Pyramid Feature Extraction (MPFE) and Spectral-Spatial At-

tention Fusion (SSAF), the proposed framework establishes a 

progressive feature learning process from high-frequency spa-

tial enhancement, multi-scale structural representation, to adap-

tive spatial-spectral fusion. 

D. Spectral-Spatial Attention Fusion （SSAF） 

After PAN high-frequency enhancement and multi-scale pyr-

amid feature extraction, the network obtains fused features with 

rich spatial structural information. However, high-quality 

pansharpening requires not only the recovery of high-resolution 

spatial details but also the preservation of spectral consistency. 

Due to the substantial differences between PAN and LRMS in 

imaging mechanisms, spatial resolution, and feature distribu-

tions, simple feature concatenation or element-wise fusion may 

not fully exploit their complementary information and can lead 

to an imbalance between spatial enhancement and spectral 

preservation. 

 

 
Fig. 4. Architecture of the spectral-spatial adaptive fusion (SSAF). 

 

To further coordinate spatial information and spectral-related 

features, we propose a Spectral-Spatial Attention Fusion 

(SSAF) module, as illustrated in Fig. 4, to adaptively fuse and 

refine the multi-source features generated by the preceding 

modules. SSAF employs multi-scale convolutions to construct 

spatial representations with different receptive fields and intro-

duces spatial attention to adaptively reweight feature responses 

at different locations. A residual connection is further adopted 

to preserve the basic spectral-spatial representation of the input 

features. 

1) Multi scale Feature Interaction 

Let the feature generated by MPFE be denoted as 
MF , and 

let the RGB-guided feature be denoted as 
RF . The two features 

are first concatenated along the channel dimension: 

 cat ,M RF F F=  

The concatenated feature is then processed by three parallel 

convolutional branches with different receptive fields: 

3 3 cat( ),F F  

5 5 cat( ),F F  

7 7 cat( ).F F  

where ( )3  , ( )5  , and ( )7  denote convolution operations 

with kernel sizes of 3 3 , 5 5 , and 7 7 , respectively. Thus, 

the multi-scale spatial features can be represented as 

3 5 7 cat{ , , } ( )F F F F   

where ( )  denotes the multi-scale spatial feature extraction 

process. 

The different kernel sizes provide complementary receptive 

fields. The 3 3 branch mainly captures local textures and edge 

variations, whereas the 5 5 and 7 7 branches aggregate 

broader contextual information. Compared with single-scale 

convolution, this parallel multi-scale design enables the net-

work to capture structural variations at different spatial ranges 

and provides richer representations for subsequent spatial atten-

tion refinement. 

2) Spatial Attention guided Feature Reweighting 

Although multi-scale convolutions provide features with dif-

ferent receptive fields, different spatial locations do not contrib-

ute equally to HRMS reconstruction. Regions such as building 

boundaries, road contours, and object interfaces generally con-

tain stronger spatial variations, whereas homogeneous regions 

exhibit relatively weak responses. Therefore, assigning identi-

cal weights to all spatial locations may limit the effective utili-

zation of PAN-derived spatial information. 

To address this issue, a spatial attention mechanism is intro-

duced into the multi-scale feature representation. For an input 

feature F , the channel-wise average and maximum responses 

are first calculated as: 

avg

1

1
( ) ,

C

c

c

A F F
C =

=   

max ( ) max .c cA F F=  

Both responses have spatial dimensions of H W and char-

acterize the overall and salient responses across channels, re-

spectively. They are then concatenated: 

avg max( ) ( ), ( ) .[ ]A F A F A F=  

A spatial attention map is subsequently generated by a 9 9  

convolution followed by a Sigmoid activation: 

9 9( ) ( )( ( ))sM F A F  C  

where ( )9 9 C denotes the 9 9  convolution and ( )   de-

notes the Sigmoid function. The resulting attention map is used 

to adaptively reweight the input feature: 

( )sF F M F   

where   denotes element-wise multiplication. In this way, 

spatially informative regions can receive stronger feature re-

sponses, improving the representation of edges, textures, and 

structural variations. 
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3) Cross scale Spatial Feature Refinement 

To further exploit the complementary relationship among 

features with different receptive fields, SSAF performs progres-

sive spatial refinement across scales. Specifically, spatial atten-

tion maps are first obtained from the 5 5  and 7 7  features: 

5 5 7 7( ), ( )s sM M F M M F= =  

The spatial response generated from the larger receptive field 

is then used to guide features from smaller receptive fields: 

5 5 7 ,F F M   

and 

3 3 5 7 .F F M M   

This progressive guidance allows broader spatial contextual 

information to influence local feature representations and estab-

lishes spatial correlations across different receptive fields. 

Compared with independently reweighting each scale, the pro-

posed strategy promotes more effective interaction among 

multi-scale spatial features. 

The refined 3 3  and 5 5  features are first concatenated: 

35 3 5, ,[ ]F F F=   

and then compressed and fused using a convolution: 

35 35 35( ).F F =  

The resulting feature is further concatenated with the 7 7  
feature: 

357 35 7, ,[ ]F F F=  

followed by another convolution to obtain the final fused rep-

resentation: 

out 357 357( ).F F=  

This hierarchical fusion process enables local, intermediate, 

and broader spatial information to interact progressively rather 

than being simply added together. 

4) Residual Feature Fusion 

After multi-scale spatial attention fusion, a residual connec-

tion is introduced to preserve the original spectral-spatial repre-

sentation. The concatenated input feature is first projected into 

the target channel space using a 1 1 convolution: 

res 1 1 cat( )F F= C  

The final SSAF output is then formulated as: 

( )SSAF out resF F F= +  

where ( )  denotes the ReLU activation function. 

The residual path helps preserve the original feature infor-

mation during multi-scale attention fusion and facilitates stable 

feature propagation. More importantly, since ܨcatcontains in-

formation derived from the RGB-guided branch and the MPFE 

representation, the residual connection provides a direct path 

for preserving the underlying spectral-spatial characteristics 

during feature refinement. 

Through multi-scale spatial modeling, spatial attention re-

weighting, and residual feature fusion, SSAF effectively estab-

lishes adaptive interactions between spatial details and spectral-

related information, providing refined representations for 

HRMS reconstruction. 

IV. EXPERIMENTS 

A. Experimental Settings 

1) Datasets: To evaluate the effectiveness and generalization 

capability of the proposed method, experiments are conducted 

on three widely used satellite datasets, including IKONOS, 

Pleiades, and WorldView-3 (WV3). These datasets cover dif-

ferent sensor characteristics and spectral configurations, 

providing a comprehensive benchmark for evaluating spatial 

detail reconstruction and spectral fidelity in pansharpening. 

Specifically, IKONOS and Pleiades contain four-band multi-

spectral (MS) images, whereas WV3 provides eight-band MS 

images. 

In this study, the experimental datasets are adopted from the 

publicly available preprocessing protocol used in previous 

pansharpening studies[19]. The datasets are generated accord-

ing to the Wald protocol, where the original high-resolution 

multispectral images are regarded as reference ground truth 

(GT). The corresponding low-resolution multispectral (LR-MS) 

images are obtained through modulation transfer function 

(MTF)-matched filtering and spatial downsampling, while the 

PAN images are degraded accordingly to maintain the spatial 

relationship between PAN and LR-MS observations. 

For the reduced-resolution (RR) setting, the processed PAN and 

LR-MS images have spatial sizes of 256 256  and 64 64  

pixels, respectively. These paired samples provide reference 

images for quantitative evaluation using full-reference metrics. 

In addition, full-resolution (FR) experiments are performed us-

ing the original-resolution PAN and LR-MS observations. 

Since reference HRMS images are unavailable in this setting, 

the fusion quality is evaluated using no-reference metrics. 

2) Comparison methods: To comprehensively evaluate the 

effectiveness of the proposed method for pansharpening, sev-

eral representative approaches are selected for quantitative and 

qualitative comparisons. The selected methods cover different 

deep learning‑based fusion frameworks, including CNN‑based 
methods, generative models, and recently developed visual rep-

resentation architectures, ensuring a comprehensive and repre-

sentative evaluation. 

Specifically, nine representative pansharpening methods are 

adopted for comparison, including DRPNN[20], 

MSDCNN[21], PanColorGAN[22], TFNet[23], PCDRN[24], 

AWFLN[25], LRTCFPan[26], WFANet[27], and 

Pan‑Mamba[28]. 

Among them, DRPNN[20], MSDCNN[21], TFNet[23], and 

PCDRN[24] represent typical CNN‑based pansharpening ap-
proaches, which mainly perform end‑to‑end feature learning to 
achieve information fusion between PAN and MS images. Pan-

ColorGAN[22] introduces a generative adversarial learning 

framework to improve the visual quality of fused results from a 

generative modeling perspective. AWFLN[25] and 

WFANet[27] further enhance the joint representation of spatial 

and spectral information through advanced feature interaction 

and adaptive fusion strategies. LRTCFPan[26] represents a re-

cent pansharpening method that adopts more sophisticated fea-

ture modeling mechanisms. Pan‑Mamba[28] is a representative 

state‑space‑model‑based approach that exploits the long‑range 
dependency modeling capability of Mamba for image fusion. 

These comparison methods cover diverse technical para-
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digms ranging from conventional deep convolutional architec-

tures to emerging sequence modeling frameworks, providing a 

comprehensive evaluation of the proposed method.  

3) Evaluation metrics: To quantitatively evaluate the fusion 

performance from different perspectives, both reference-based 

and no-reference quality metrics are adopted under the reduced-

resolution (RR) and full-resolution (FR) settings. 

For the RR experiments, where high-resolution reference 

multispectral images are available, six widely used reference-

based metrics are employed, including Peak Signal-to-Noise 

Ratio (PSNR), Root Mean Square Error (RMSE), Universal Im-

age Quality Index (UIQI), 2nQ , Spectral Angle Mapper 

(SAM), and Erreur Relative Globale Adimensionnelle de 

Synthèse (ERGAS). These metrics evaluate the reconstruction 

accuracy, spatial quality, and spectral consistency of the fused 

images. Specifically, higher values of PSNR, UIQI, and 
2nQ  

indicate better fusion quality, while lower values of RMSE, 

SAM, and ERGAS correspond to smaller reconstruction errors 

and better spectral preservation. 

For the FR experiments, since the corresponding high-reso-

lution reference images are unavailable, three no-reference 

quality metrics are adopted, including spectral distortion index 

( D ), spatial distortion index (
SD ), and Quality with No Ref-

erence (QNR). Among them, D  and 
SD  measure spectral and 

spatial distortions, respectively, while QNR provides an overall 

assessment of the fusion quality. Lower values of D  and 
SD  

indicate reduced distortions, whereas higher values of QNR 

represent better overall fusion performance. 

4) Training details: To ensure the reproducibility of the ex-

periments, all experiments are conducted with a fixed random 

seed (SEED=1). The same network initialization strategy and 

data preprocessing protocol are adopted for all experiments. 

The proposed network is optimized using the Adam optimizer 

with an initial learning rate of 0.002 and a weight decay coeffi-

cient of 0. The learning rate is adjusted using the StepLR sched-

uler, where the learning rate is reduced by a factor of 0.5 every 

20 epochs. 

The batch size is set to 8, and the network is trained for 100 

epochs in total. Model checkpoints are saved every 10 epochs 

during training. The proposed Model_loss is employed as the 

optimization objective, which constrains the reconstruction 

process from multiple aspects to improve the balance between 

spatial detail preservation and spectral fidelity. 

To further reduce randomness during training, deterministic 

computation settings are enabled and the cuDNN benchmark 

mode is disabled. Unless otherwise specified, all experiments 

are conducted under the same training strategy and evaluation 

protocol to ensure fair comparisons among different methods. 

B. Comparisons with the SOTA methods 

To comprehensively evaluate the fusion performance of 

MSPF-Net, quantitative comparisons are conducted under both 

the reduced-resolution (RR) and full-resolution (FR) protocols 

using representative pansharpening methods. For the RR exper-

iments, PSNR, RMSE, UIQI, 2nQ , SAM, and ERGAS are 

adopted, where higher values of PSNR, UIQI, and 
2nQ  and 

lower values of RMSE, SAM, and ERGAS indicate better per-

formance. For the FR experiments, D , 
SD , and QNR are em-

ployed as no-reference quality metrics, where lower D  and 

SD  and higher QNR indicate better fusion quality. 

1) Reduced-Resolution (RR) Quantitative Analysis 

Tables I–III present the quantitative comparison results of 

different methods on the IKONOS, WorldView-3 (WV3), and 

Pléiades datasets under the RR protocol, respectively. Overall, 

MSPF-Net demonstrates strong and stable reconstruction per-

formance across the three datasets. It consistently achieves the 

lowest RMSE and ERGAS, while obtaining the highest PSNR 

and the lowest SAM on the IKONOS and Pléiades datasets. In 

contrast, DASFusion shows clear advantages in UIQI and 
2nQ  

and slightly outperforms MSPF-Net in PSNR and SAM on the 

WV3 dataset. These results indicate that different metrics cap-

ture different aspects of fusion quality, while MSPF-Net exhib-

its a stable advantage in reconstruction error reduction and 

spectral distortion suppression. 

 
 

TABLE Ⅰ 
Quantitative Comparison of Different Methods on the IKONOS Dataset Under the RR Protocol 

Methods PSNR↑ RMSE↓ UIQI↑ 
2nQ ↑ SAM↓ ERGAS↓ 

DRPNN 26.9798 13.8740 0.9273 0.8154 4.0383 3.7677 

MSDCNN 27.1694 13.5968 0.9310 0.8239 4.0121 3.6587 

PanColorGAN 24.0976 12.4628 0.9309 0.8224 8.4360 6.0984 

TFNet 30.9652 9.1658 0.9702 0.9227 3.2528 2.4465 

PCDRN 28.8464 11.3740 0.9516 0.8650 3.5955 3.0352 

AWFLN 34.0407 6.0425 0.9812 0.9522 2.3388 1.6913 

LRTCFPan 29.4280 9.4667 0.9598 0.9006 3.5787 2.9326 

WFANet 34.0704 6.9165 0.9544 0.7832 2.3290 1.7292 

Pan-Mamba 32.3641 6.5956 0.8809 0.9423 2.5166 2.1535 

DASFusion 34.6808 5.6421 0.9831 0.9601 2.2612 1.6252 

MSPF-Net(Ours) 35.0728 4.6521 0.9624 0.8082 2.0800 1.5096 

 

 

TABLE Ⅱ 
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Quantitative Comparison of Different Methods on the WorldView-3 Dataset Under the RR Protocol 

Methods PSNR↑ RMSE↓ UIQI↑ 2nQ ↑ SAM↓ ERGAS↓ 

DRPNN 25.6762 19.5398 0.9224 0.8152 7.9339 6.1439 

MSDCNN 25.2981 19.8476 0.9171 0.8033 7.7049 6.2930 

PanColorGAN 25.3901 13.9954 0.9149 0.8302 8.3228 5.6929 

TFNet 28.2917 12.9021 0.9047 0.8921 5.3725 3.7714 

PCDRN 27.8324 13.2502 0.9460 0.8681 5.3713 4.0870 

AWFLN 31.7700 11.1031 0.9712 0.9352 4.8546 2.7522 

LRTCFPan 28.6875 13.1114 0.9549 0.8987 5.3327 3.6266 

WFANet 32.1136 6.0976 0.9352 0.7248 4.5736 2.6858 

Pan-Mamba 31.8937 8.0232 0.8582 0.9271 4.8042 3.1505 

DASFusion 33.0621 8.7486 0.9795 0.9483 3.9330 2.3133 

MSPF-Net(Ours) 32.9968 5.9131 0.9455 0.7628 4.0190 1.1750 

 

TABLE Ⅲ 

Quantitative Comparison of Different Methods on the Pléiades Dataset Under the RR Protocol 

Methods PSNR↑ RMSE↓ UIQI↑ 2nQ ↑ SAM↓ ERGAS↓ 

DRPNN 30.1216 11.1515 0.9680 0.8636 2.6809 2.9884 

MSDCNN 29.2428 12.2007 0.9629 0.8638 2.7117 3.2713 

PanColorGAN 23.1587 13.1564 0.9320 0.8031 7.8692 8.4645 

TFNet 32.8707 8.5569 0.9805 0.9452 2.9289 2.0643 

PCDRN 31.5914 9.7448 0.9767 0.9004 2.3488 2.6322 

AWFLN 35.0748 5.7632 0.9883 0.9652 2.2029 1.5431 

LRTCFPan 30.1723 11.7337 0.9697 0.9195 2.8051 2.7336 

WFANet 36.5915 8.1019 0.9703 0.8131 2.1990 1.3286 

Pan-Mamba 35.4308 4.6590 0.9618 0.9616 2.3408 1.6319 

DASFusion 36.8194 5.0668 0.9925 0.9715 2.1060 1.2504 

MSPF-Net(Ours) 37.6945 3.3496 0.9751 0.8410 1.9857 1.1464 

 

As shown in Table I, on the IKONOS dataset, MSPF-Net 

achieves the highest PSNR of 35.0728 dB and the lowest RMSE 

of 4.6521. Compared with DASFusion, MSPF-Net improves 

the PSNR by 0.3920 dB and reduces the RMSE by 0.9900. It 

also obtains the lowest SAM and ERGAS values of 2.0800 and 

1.5096, respectively, indicating more accurate reconstruction 

and lower spectral distortion. Meanwhile, DASFusion achieves 

higher UIQI and 
2nQ  values of 0.9831 and 0.9601, respectively, 

compared with 0.9624 and 0.8082 for MSPF-Net, suggesting 

stronger structural and overall quality consistency according to 

these metrics. Nevertheless, MSPF-Net outperforms DASFu-

sion, WFANet, and AWFLN in PSNR, RMSE, SAM, and 

ERGAS, demonstrating its strong pixel-level reconstruction ac-

curacy and spectral fidelity on the IKONOS dataset. 

For the WV3 dataset, as reported in Table II, the results re-

veal a more evident trade-off among the evaluation metrics. 

DASFusion achieves the highest PSNR of 33.0621 dB, which 

is only 0.0653 dB higher than the 32.9968 dB obtained by 

MSPF-Net. However, MSPF-Net achieves the lowest RMSE of 

5.9131, reducing the value by 2.8355 compared with DASFu-

sion. It also obtains the lowest ERGAS of 1.1750, which is 

1.1383 lower than that of DASFusion. In terms of SAM, 

DASFusion achieves a slightly lower value of 3.9330, com-

pared with 4.0190 for MSPF-Net. Moreover, DASFusion ob-

tains substantially higher UIQI and 
2nQ  values of 0.9795 and 

0.9483, respectively, whereas MSPF-Net achieves 0.9455 and 

0.7628. These results suggest that DASFusion has advantages 

in structural consistency and achieves slightly better PSNR and 

SAM on WV3, while MSPF-Net exhibits more pronounced ad-

vantages in RMSE and ERGAS. In particular, despite the neg-

ligible PSNR difference between the two methods, MSPF-Net 

produces substantially lower reconstruction error and spectral 

distortion, demonstrating its effectiveness in accurate image re-

construction and spectral fidelity preservation. 

On the Pléiades dataset, as shown in Table III, MSPF-Net 

again demonstrates clear advantages in reconstruction accuracy. 

It achieves the highest PSNR of 37.6945 dB and the lowest 

RMSE of 3.3496, improving the PSNR by 0.8751 dB and re-

ducing the RMSE by 1.7172 compared with DASFusion. 

MSPF-Net also obtains the lowest SAM and ERGAS values of 

1.9857 and 1.1464, respectively, corresponding to reductions of 

0.1203 and 0.1040 compared with DASFusion. In contrast, 

DASFusion achieves the highest UIQI and 
2nQ  values of 

0.9925 and 0.9715, indicating stronger structural consistency 

and overall quality according to these metrics. Nevertheless, the 

superior performance of MSPF-Net in PSNR, RMSE, SAM, 

and ERGAS demonstrates its ability to achieve more accurate 
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pixel-level reconstruction while effectively preserving multi-

spectral information on the Pléiades dataset. 

Overall, the results across the three datasets demonstrate that 

MSPF-Net maintains stable reconstruction performance under 

different sensor conditions. DASFusion consistently performs 

better in UIQI and 2nQ  and shows slight advantages in PSNR 

and SAM on WV3, whereas MSPF-Net maintains clear ad-

vantages in RMSE and ERGAS and achieves higher PSNR and 

lower SAM on IKONOS and Pléiades. These results further in-

dicate that different evaluation metrics emphasize different as-

pects of fusion quality. Overall, MSPF-Net effectively reduces 

reconstruction errors and spectral distortion while maintaining 

stable performance across different sensors, demonstrating the 

effectiveness and cross-dataset robustness of the proposed 

multi-scale spatial–spectral feature fusion strategy. 

2) Full-Resolution (FR) Quantitative Analysis 

To further evaluate the generalization capability of MSPF-

Net under real full-resolution conditions, FR experiments are 

conducted on the Pléiades and WorldView-3 (WV3) datasets, 

with the quantitative results reported in Table IV. Since no 

strictly corresponding high-resolution reference images are 

available in the FR scenario, the no-reference quality metrics 

D , 
SD , and QNR are adopted, where lower D  and 

SD  and 

higher QNR indicate better fusion quality. 

 

TABLE Ⅳ 
Quantitative Comparison of Different Methods Under the FR Protocol on the Pléiades(left) and WorldView-3(right) Datasets 

Methods D ↓ SD ↓ QNR↑ D ↓ SD ↓ QNR↑ 

DRPNN 0.0533 0.0363 0.9123 0.0887 0.0869 0.8341 

MSDCNN 0.0434 0.0462 0.9123 0.0872 0.0944 0.8287 

PanColorGAN 0.0434 0.0618 0.8975 0.1126 0.1138 0.7892 

TFNet 0.0318 0.0310 0.9381 0.0163 0.0464 0.9206 

PCDRN 0.0375 0.0382 0.9256 0.0602 0.0650 0.8791 

AWFLN 0.0243 0.0233 0.9469 0.0196 0.0470 0.9330 

LRTCFPan 0.0111 0.0426 0.9468 0.0363 0.0332 0.9319 

WFANet 0.0079 0.0425 0.9499 0.0152 0.0252 0.9600 

Pan-Mamba 0.0245 0.0254 0.9507 0.0419 0.0565 0.9045 

DASFusion 0.0160 0.0331 0.9513 0.0189 0.0162 0.9651 

MSPF-Net(Ours) 0.0264 0.0658 0.9094 0.0291 0.0562 0.9162 

 

As shown in Table Ⅳ, on the Pléiades dataset, MSPF-Net 

achieves D  = 0.0264, 
SD  = 0.0658, and QNR = 0.9094. 

These results indicate that MSPF-Net maintains a certain level 

of spectral consistency under real full-resolution conditions, as 

reflected by its relatively moderate D . However, its 
SD  is rel-

atively high compared with the competing methods, indicating 

that spatial consistency remains a major challenge in the FR set-

ting. In comparison, WFANet achieves the lowest D  of 

0.0079, AWFLN obtains the lowest 
SD  of 0.0233, and 

DASFusion achieves the highest QNR of 0.9513. The consid-

erable differences among these methods suggest that accurately 

balancing spectral and spatial fidelity remains challenging 

when applying pansharpening networks to real full-resolution 

observations. 

On the WV3 dataset, MSPF-Net obtains D  = 0.0291, 
SD  

= 0.0562, and QNR = 0.9162. Compared with Pléiades, MSPF-

Net exhibits a similar level of spectral distortion but still shows 

relatively high spatial distortion. In particular, WFANet 

achieves the lowest D  of 0.0152, whereas DASFusion obtains 

the lowest 
SD  of 0.0162 and the highest QNR of 0.9651. Com-

pared with DASFusion, MSPF-Net exhibits higher D , 
SD , 

and lower QNR, indicating that its performance under real 

WV3 observations still lags behind methods specifically opti-

mized for stronger spatial–spectral consistency. Nevertheless, 

the relatively moderate D  suggests that the spectral infor-

mation inherited from the multispectral observations is not se-

verely degraded, while the larger 
SD  indicates that the main 

limitation is associated with spatial consistency. 

The discrepancy between the RR and FR results mainly 

arises from the intrinsic differences in data distribution and su-

pervision conditions. Under the RR protocol, the input observa-

tions are synthetically degraded according to the Wald protocol 

and accompanied by corresponding high-resolution reference 

images. The network can therefore learn the relationship be-

tween spatial detail reconstruction and spectral preservation un-

der explicit supervision. In contrast, FR experiments directly 

employ the original full-resolution PAN and MS observations 

acquired by real sensors without strictly corresponding refer-

ence images. Sensor response differences, spatial–spectral in-

consistencies, imaging noise, and complex scene structures in-

troduce additional uncertainties that are not fully represented by 

the RR training process. Consequently, the spatial enhancement 

strategies learned under the RR setting cannot be completely 

transferred to real FR observations, resulting in increased spa-

tial distortion in the FR evaluation. 

Overall, the FR results reveal that MSPF-Net can preserve 

the spectral characteristics of the input multispectral observa-

tions to a certain extent, but its spatial consistency under real 

full-resolution conditions remains insufficient compared with 

several advanced methods. In particular, the stronger FR per-

formance of WFANet and DASFusion demonstrates the im-

portance of accurately modeling the relationship between PAN-
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derived spatial details and multispectral features under real sen-

sor conditions. These observations complement the RR evalua-

tion by exposing the domain gap between synthetically super-

vised reconstruction and real full-resolution fusion, and suggest 

that future improvements should focus on adaptive modeling of 

sensor-dependent PAN high-frequency structures and stronger 

spatial–spectral consistency constraints to improve the robust-

ness and generalization capability of MSPF-Net in practical ap-

plications. 

3) Cross-Model Evaluation with Publicly Available Pre-

trained Weights 

The preceding experiments evaluate the representative state-

of-the-art (SOTA) methods under a unified training protocol, 

where all competing models are retrained on the same datasets 

and evaluated under consistent experimental settings. Although 

such comparisons provide a fair assessment of the effectiveness 

of different network architectures under the same training con-

ditions, they do not fully reflect the generalization capability of 

these models when applied to unseen data without additional 

training. In practical remote sensing applications, pretrained 

models are often directly deployed on new datasets without re-

training or parameter fine-tuning. Therefore, it is also important 

to investigate whether different pansharpening models can 

maintain their reconstruction capability when transferred to a 

target dataset under such a setting. 

 
Fig. 5. Radar chart of quantitative performance comparison of different 
pansharpening models using pretrained weights on the WV3 dataset. 

 

To this end, we further conduct a cross-model evaluation us-

ing publicly available pretrained weights. Specifically, 

WFANet, U2Net, and AFAR-Net are selected as representative 

competing methods for which pretrained models are publicly 

available. Unlike the retraining-based comparisons described 

above, the original pretrained weights of these methods are di-

rectly used for inference on the WorldView-3 (WV3) dataset, 

without any additional training or parameter fine-tuning. All 

models are evaluated under the same reduced-resolution (RR) 

protocol, and the corresponding quantitative metrics are calcu-

lated using the same reference images. This experiment pro-

vides an additional assessment of the cross-dataset generaliza-

tion capability of different pansharpening models. 

To intuitively demonstrate the overall performance gap 

among different models, Fig. 5  plots the radar chart of the quan-

titative results, where all metrics are normalized to relative 

scores with the optimal value set to 1.0. For metrics where 

smaller values indicate better performance (i.e., RMSE, SAM, 

ERGAS), the scores are inversely converted so that the outer-

most boundary of the radar chart uniformly corresponds to the 

best performance. 

 
TABLE Ⅴ 

Quantitative comparison of models using publicly available pretrained 
weights on the WV3 dataset. 

Methods PSNR↑ RMSE↓ UIQI↑ 2nQ ↑ SAM↓ ERGAS↓ 

WFANet 23.1582 18.1026 0.7299 0.6957 10.7524 7.5036 

U2Net 20.9242 23.6278 0.5956 0.5945 14.2803 10.0662 

AFAR-
Net 

26.0950 12.9448 0.8207 0.8216 7.7910 5.0829 

MSPF-

Net(Ours) 
32.9968 5.9131 0.9455 0.7628 4.0190 1.1750 

 

The quantitative results are reported in Table Ⅴ. It can be ob-
served that directly applying the publicly available pretrained 

models to the WV3 dataset leads to considerable performance 

differences among the competing methods. WFANet, U2Net, 

and AFAR-Net achieve PSNR values of 23.1582, 20.9242, and 

26.0950 dB, respectively, whereas MSPF-Net achieves a sub-

stantially higher PSNR of 32.9968 dB. Meanwhile, MSPF-Net 

obtains the lowest RMSE, SAM, and ERGAS values of 5.9131, 

4.0190, and 1.1750, respectively, together with the highest 

UIQI of 0.9455. These results indicate that MSPF-Net can ef-

fectively reduce reconstruction errors while maintaining high 

structural and spectral consistency when directly applied to 

WV3 data. In particular, the lower SAM and ERGAS values 

demonstrate its stronger capability to preserve spectral infor-

mation while reconstructing high-resolution spatial details. 

For the 
2nQ  metric, AFAR-Net achieves the highest value of 

0.8216, while MSPF-Net obtains a value of 0.7628. Although 

MSPF-Net does not achieve the best performance on 
2nQ , it 

consistently outperforms the three pretrained competing models 

in terms of PSNR, RMSE, UIQI, SAM, and ERGAS. This ob-

servation suggests that different quality measures may empha-

size different aspects of spatial and spectral fidelity. As visually 

shown in the radar chart, the performance envelope of MSPF-

Net is significantly closer to the outermost optimal boundary 

than the other comparison models, which intuitively verifies its 

comprehensive advantages in pansharpening quality. Overall, 

the results demonstrate that MSPF-Net maintains a strong re-

construction capability when directly applied to WV3 without 

target-domain retraining or parameter fine-tuning, indicating its 

favorable cross-dataset generalization ability. 
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Fig. 6. Visual comparisons of models using pretrained weights on the WV3 dataset, together with the corresponding MAE maps and enlarged local regions. (a) 
Urban area. (b) Grassland area. 

 

To further provide a visual assessment, Fig. 6 presents repre-

sentative qualitative comparisons on two WV3 scenes, includ-

ing an urban area and a grassland area. For each scene, the PAN 

image, LRMS image, ground-truth (GT) image, and the fusion 

results obtained by WFANet, U2Net, AFAR-Net, and MSPF-

Net are presented, together with the corresponding mean abso-

lute error (MAE) maps and enlarged local regions. The urban 

scene contains distinct building boundaries, roof structures, and 

high-frequency textures, making it suitable for evaluating the 

spatial detail reconstruction capability of different models. As 

shown in Fig. 6(a), WFANet and U2Net exhibit noticeable 

structural distortions and detail loss in some building regions, 

while U2Net produces more pronounced artifacts in the high-

frequency areas. AFAR-Net reconstructs relatively sharp struc-

tural details but still exhibits certain discrepancies from the GT 

in some local regions. In comparison, MSPF-Net produces spa-

tial structures and textures that are visually closer to the GT, 

particularly around building boundaries, roof structures, and 

fine-scale details. 

For the grassland scene shown in Fig. 6(b), the highly heter-

ogeneous vegetation textures and abundant fine-scale spatial in-

formation provide a more challenging case for evaluating both 

spectral preservation and spatial detail reconstruction. WFANet 

and U2Net exhibit noticeable deviations in local vegetation tex-

tures, whereas AFAR-Net provides relatively improved struc-

tural reconstruction but still shows discrepancies in several re-

gions. In contrast, MSPF-Net produces a reconstruction with a 

more consistent overall appearance and finer local textures, 

which are visually closer to the GT. 

The corresponding MAE maps further support these obser-

vations. WFANet and U2Net exhibit relatively strong error re-

sponses around building boundaries, texture-rich regions, and 

vegetation areas, whereas AFAR-Net reduces the overall error 

to some extent. MSPF-Net presents a more concentrated low-

error distribution in both representative scenes, with fewer 

high-error regions, particularly around complex structures and 

fine-scale textures. These qualitative observations are con-

sistent with the quantitative results in Table Ⅴ, demonstrating 
that MSPF-Net can achieve high-quality pansharpening results 

under direct inference with its pretrained model and exhibits 

strong generalization capability on the WV3 dataset. 

C. Ablation studies 

To validate the effectiveness of each proposed component 

and investigate their complementary contributions to feature 

learning, an incremental ablation study is conducted on the Pléi-

ades dataset. The baseline model without any additional pro-

posed modules is first established as Baseline. Subsequently, 

the proposed modules are progressively incorporated, including 

the Multi-scale Pyramid Feature Extraction (MPFE) module, 

PAN High-frequency Enhancement (PHE) module, and Spec-

tral-Spatial Attention Fusion (SSAF) module. Accordingly, 

four network variants are constructed, namely Baseline, Baselin 

e + MPFE, Baseline + MPFE + PHE, and Baseline + MPFE + 

PHE + SSAF. 

All ablation experiments are performed under the same data 

split, training strategy, and evaluation protocols to ensure a fair 

comparison. The quantitative results under the reduced-resolu-

tion (RR) and full-resolution (FR) protocols are reported in Ta-

ble Ⅵ and Table Ⅶ, respectively. 
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Table Ⅵ 

Ablation results of different module configurations on the Pléiades dataset under the RR protocol. 

model PSNR↑(dB) RMSE↓ UIQI↑ 2nQ ↑ SAM↓(°) ERGAS↓ SCC↑ 

Baseline 37.3667±1.0768 3.4774±0.3836 
0.974104±0.02824

8 

0.836092±0.03726

4 
2.0378±0.3631 1.1893±0.2125 

0.984749±0.00306

9 

Baseline+MPFE 37.4317±1.0767 3.4514±0.3800 
0.974267±0.02834

6 

0.838754±0.03644

1 
2.0303±0.3625 1.1806±0.2108 

0.984934±0.00304

4 

Base-

line+MPFE+PHE 
37.6450±1.0977 3.3685±0.3750 

0.975022±0.02819

1 

0.840218±0.03710

6 
1.9925±0.3540 1.1527±0.2036 

0.985758±0.00282

1 

Base-

line+MPFE+PHE

+SSAF 

37.6945±1.1045 3.3496±0.3747 
0.975168±0.02806

7 

0.841086±0.03678

2 
1.9857±0.3538 1.1464±0.2046 

0.985887±0.00277

4 

 

Table Ⅶ 

Ablation results of different module configurations on the Pléiades dataset under the FR protocol. 

model D ↓ SD ↓ QNR↑ 

Baseline 0.026125±0.007764 0.072290±0.021494 0.903398±0.018793 

Baseline+MPFE 0.023277±0.007480 0.067539±0.021413 0.910674±0.018298 

Baseline+MPFE+PHE 0.026616±0.007916 0.084306±0.024086 0.891234±0.021072 

Baseline+MPFE+PHE+SSAF 0.026428±0.007412 0.065824±0.022137 0.909417±0.019552 

 

1) Progressive Ablation Analysis under the RR Protocol 

Table Ⅵ reports the quantitative results of four progressively 
configured network variants on the Pléiades dataset under the 

RR protocol. Overall, the gradual incorporation of MPFE, PHE, 

and SSAF leads to consistent performance improvements 

across multiple evaluation metrics, demonstrating the effective-

ness and complementary contributions of the proposed compo-

nents. 

Compared with the Baseline, introducing the Multi-scale 

Pyramid Feature Extraction (MPFE) module improves the 

PSNR from 37.3667 dB to 37.4317 dB, while reducing the 

RMSE from 3.4774 to 3.4514. Meanwhile, ܳ2௡, SAM, ERGAS, 

and SCC are improved from 0.836092, 2.0378°, 1.1893, and 

0.984749 to 0.838754, 2.0303°, 1.1806, and 0.984934, respec-

tively. Although the numerical improvement is relatively lim-

ited, the consistent enhancement across all evaluation metrics 

indicates that MPFE effectively strengthens the representation 

of spatial structures by introducing multi-scale contextual infor-

mation. Such hierarchical feature modeling provides richer 

structural priors for subsequent feature fusion, particularly in 

complex spatial scenarios. 

With the further incorporation of the PAN High-frequency 

Enhancement (PHE) module, the reconstruction performance is 

further improved. Specifically, the PSNR increases from 

37.4317 dB to 37.6450 dB, corresponding to a gain of 0.2133 

dB, while the RMSE decreases from 3.4514 to 3.3685. In addi-

tion, UIQI, 
2nQ , and SCC increase to 0.975022, 0.840218, and 

0.985758, respectively, whereas SAM and ERGAS are reduced 

to 1.9925° and 1.1527. Compared with MPFE, PHE provides a 

more significant performance improvement, demonstrating that 

explicitly enhancing high-frequency spatial components from 

PAN features can effectively strengthen the recovery of edges, 

textures, and local spatial details. 

After integrating the Spectral-Spatial Attention Fusion 

(SSAF) module, the complete model achieves further improve-

ments across all RR evaluation metrics. The PSNR is increased 

from 37.6450 dB to 37.6945 dB, and the RMSE is reduced from 

3.3685 to 3.3496. Meanwhile, ܳ2௡  and SCC are further im-

proved to 0.841086 and 0.985887, while SAM and ERGAS are 

reduced to 1.9857° and 1.1464, respectively. The final MSPF-

Net achieves the best performance among all four configura-

tions, indicating that SSAF effectively enhances the interaction 

between spatial and spectral-related features after multi-scale 

representation and high-frequency enhancement. 

Overall, the progressive improvements from MPFE, PHE, to 

SSAF demonstrate their distinct yet complementary roles 

within MSPF-Net. MPFE mainly establishes hierarchical multi-

scale spatial representations, PHE enhances informative spatial 

details from PAN features, and SSAF further optimizes the in-

teraction between spatial and spectral information through 

adaptive feature refinement. The collaborative effect of these 

modules enables the network to achieve more accurate spatial 

reconstruction while maintaining spectral consistency under the 

RR protocol. 

2) Module Collaboration Analysis under the FR Protocol 

Table Ⅶ further evaluates the four configurations under the 
FR protocol. Compared with the RR results, the FR evaluation 

reveals a more complex interaction among the proposed dules, 
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Fig. 7. Visual comparison of ablation study results on the Pléiades dataset under the RR protocol. From top to bottom: full‑size fused RGB image, 8  zoomed 

patch, high‑frequency component map, and mean‑absolute‑error (MAE) map. (a) Ground‑truth reference; (b) Baseline; (c) Baseline + MPFE; (d) Baseline + MPFE 

+ PHE; (e) Baseline + MPFE + PHE + SSAF. The color bar denotes the MAE magnitude. 

articularly under the condition without high-resolution refer-

ence supervision. 

Compared with the Baseline, introducing MPFE consistently 

improves all FR metrics. Specifically, D  decreases from 

0.026125 to 0.023277, 
SD  decreases from 0.072290 to 

0.067539, and QNR increases from 0.903398 to 0.910674. 

These improvements indicate that multi-scale spatial represen-

tation is beneficial not only for reference-based reconstruction 

but also for real full-resolution fusion, where richer spatial-con-

text information helps maintain better spatial-spectral con-

sistency. 

However, when PHE is further introduced into the MPFE-

based model, the FR performance shows a different trend. The 

values of D  and 
SD  increase from 0.023277 to 0.026616 and 

from 0.067539 to 0.084306, respectively, while QNR decreases 

from 0.910674 to 0.891234. This phenomenon indicates that 

explicitly enhancing PAN high-frequency responses may intro-

duce stronger spatial priors, which are beneficial for detail re-

construction under the RR protocol but may cause spatial in-

consistency when evaluated in the unconstrained FR scenario. 

Therefore, high-frequency enhancement should be properly 

regulated to avoid excessive spatial information injection. 

After incorporating SSAF, the FR performance is effectively 

recovered. Specifically, D  decreases from 0.026616 to 

0.026428, while 
SD  is significantly reduced from 0.084306 to 

0.065824, corresponding to a relative reduction of approxi-

mately 21.93%. Meanwhile, QNR increases from 0.891234 to 

0.909417. Notably, the final model achieves a lower 
SD  than 

the MPFE configuration (0.067539), demonstrating that SSAF 

can effectively suppress the spatial inconsistency introduced by 

high-frequency enhancement and achieve a better balance be-

tween spatial detail preservation and spectral fidelity. 

It is worth noting that the complete model does not achieve 

the optimal D  or QNR among all configurations. Rather than 

indicating a limitation of SSAF, this result reflects the inherent 

trade-off between spatial enhancement and spectral consistency 

in full-resolution pansharpening. The primary contribution of 

SSAF is to adaptively regulate the interaction between en-

hanced spatial features and spectral-related representations, 

thereby preventing excessive spatial responses while maintain-

ing effective detail preservation. 

Overall, the FR ablation results provide complementary evi-
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dence to the RR evaluation. MPFE mainly improves the robust-

ness of spatial-context modeling, PHE enhances the representa-

tion of high-frequency spatial structures, while SSAF plays a 

crucial role in coordinating the enhanced spatial information 

with spectral features. The progressive integration of these 

modules enables MSPF-Net to achieve a more balanced spatial-

spectral reconstruction capability under both reference-based 

and real full-resolution scenarios. 

3) Qualitative Visual Ablation Analysis 

To provide intuitive visual evidence for the quantitative re-

sults reported in Table Ⅵ, qualitative ablation comparisons are 
conducted on the Pléiades dataset under the RR protocol, as 

shown in Fig. 7. The first row shows full‑size fused images, 
with red rectangles denoting the regions selected for local 

zoom‑in inspection. The second row presents 8  magnified 

patches to reveal fine spatial structures such as edges and tex-

tures. The third row visualizes high‑frequency maps that reflect 
the edge and texture responses of reconstructed outputs. The 

fourth row depicts local mean absolute error (MAE) maps, in 

which brighter pixels represent larger reconstruction deviations 

relative to the ground‑truth reference. 
As can be observed, the Baseline suffers from evident texture 

blurring, and prominent reconstruction errors appear in com-

plex‑structure regions in the MAE maps. After embedding the 
MPFE module, the reconstructed results preserve richer contex-

tual information and alleviate partial blurring artifacts. Further 

integration of the PHE module sharpens edge contours and tex-

ture details, which aligns with the quantitative improvements in 

Table Ⅵ. With the additional SSAF module, spatial‑spectral 
feature interaction is further optimized, visual distortions are 

greatly suppressed, and the overall error magnitude in MAE 

maps is reduced. 

Collectively, visual observations from RGB outputs, 

high‑frequency maps and error maps are highly consistent with 
the numerical trends of RR‑based quantitative metrics. These 
qualitative comparisons further verify the complementary ef-

fects of MPFE, PHE, and SSAF. Progressive integration of 

these modules jointly boosts the spatial‑spectral reconstruction 
performance for pansharpening. 

4) Spectral Reconstruction and Convergence Analysis 

 

To further investigate the spectral reconstruction capability 

of different module configurations, Fig. 8 presents the per-band 

PSNR results on the Pléiades dataset under the RR protocol. 

The results demonstrate that the progressive incorporation of 

MPFE, PHE, and SSAF consistently improves the reconstruc-

tion quality across all four spectral bands. Specifically, the com-

plete model achieves the highest PSNR values in every spectral 

channel, indicating that the proposed modules contribute to a 

balanced enhancement rather than improving only specific 

bands. 

This behavior suggests that the proposed spatial-spectral fea-

ture learning strategy effectively preserves spectral consistency 

while enhancing spatial details. By jointly modeling multi-scale 

spatial structures, high-frequency spatial information, and 

adaptive feature interactions, MSPF-Net achieves more uni-

form spectral reconstruction performance across different 

bands. 

 
Fig. 8. Per-band PSNR comparison of different module configurations on the 

Pléiades dataset under the RR protocol. 

 

Fig. 9 further illustrates the training and validation loss 

curves of the proposed model. The loss decreases rapidly during 

the early training stage and gradually converges as optimization 

proceeds. The training and validation curves exhibit consistent 

trends without significant oscillations or divergence, demon-

strating stable optimization behavior and effective generaliza-

tion capability. 

 
Fig. 9. Training and validation loss curves of the proposed model on the Pléia-

des dataset. 

 

The stable convergence indicates that the proposed combina-

tion of multi-scale feature extraction, high-frequency enhance-

ment, and spectral-spatial adaptive fusion can be effectively op-

timized under the adopted training strategy. 

V. CONCLUSION 

This paper proposes a multi-scale spatial-spectral feature fu-

sion network (MSPF-Net) for pansharpening, aiming to address 

the challenging trade-off between spatial detail enhancement 

and spectral information preservation. By integrating multi-

scale spatial representation, PAN high-frequency enhancement, 

and spectral-spatial adaptive fusion, the proposed framework 

establishes a progressive feature learning strategy that effec-

tively exploits complementary information from PAN and mul-

tispectral images. 

Extensive experiments conducted on the IKONOS, 

WorldView-3, and Pléiades datasets demonstrate the effective-

ness of MSPF-Net. Under the RR protocol, the proposed 

method achieves consistently superior performance and obtains 

the best results in terms of PSNR, RMSE, SAM, and ERGAS 
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across all three datasets, indicating its strong capability in spa-

tial detail reconstruction and spectral fidelity preservation. Fur-

thermore, the FR experiments verify the applicability of MSPF-

Net under real full-resolution scenarios, showing its potential 

for cross-sensor pansharpening. 

Although MSPF-Net achieves competitive performance, im-

proving fusion quality under real full-resolution conditions re-

mains challenging due to the absence of explicit reference in-

formation and the complex degradation characteristics of prac-

tical remote sensing images. Future work will focus on more 

accurate degradation modeling, cross-domain feature adapta-

tion, and efficient spatial-spectral interaction mechanisms to 

further enhance the robustness and generalization capability of 

pansharpening models in complex real-world scenarios. 
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