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Abstract

With the rapid development of Earth observation technology, remote sening
images have been widely used in land resource investigation, environmental
monitoring, precision agriculture, urban planning, and disaster assessment.
However, due to sensor imaging mechanisms, signal to noise ratio limitations,
and data transmission constraints, it is difficult for a single satellite sensor to
obtain images with both high spatial resolution and rich spectral information.
Panchromatic (PAN) images usually provide spatial details and clear texture
structures, while multispectral (MS) images contain richer spectral infor-
mation but have lower spatial resolution. Pansharpening aims to fuse PAN
and MS images to generate high resolution multispectral images, which is im-
portant for interpretation and analysis tasks. Existing pansharpening methods
mainly include traditional and deep learning based approaches. Traditional
methods, such as component substitution, multi resolution analysis, and model
based optimization, are simple and efficient, but they often suffer from spec-
tral distortion or insufficient spatial detail recovery. In recent years, convolu-
tional neural networks have shown strong representation ability in pansharp-
ening tasks. Nevertheless, many existing deep learning based methods still
have limitations in multi scale feature utilization and spectral fidelity preser-
vation. Spatial details are distributed at different resolution levels, and single
scale feature extraction may fail to recover high frequency textures. In addi-
tion, different spectral channels contribute unequally to fusion, while pixel
wise losses cannot directly constrain spectral direction consistency. To address
these problems, this paper proposes an attention based improved Laplacian
pyramid network for remote sensing image pansharpening. The proposed
method uses an MTF based Laplacian pyramid to decompose PAN and up-
sampled MS images into multi scale components. An SEFCNN adaptive fu-
sion module is introduced at each pyramid level to enhance important spatial
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spectral features through channel attention. Furthermore, a hybrid loss func-
tion combining multi scale reconstruction loss and spectral angle mapper loss
is designed to improve spectral preservation. Experiments on QuickBird and
WorldView-3 datasets are conducted to verify the effectiveness of the pro-
posed method.
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Pansharpening, Laplacian Pyramid, Squeeze and Excitation Attention,
Remote Sensing Images, Convolutional Neural Networks, Spectral Angle
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1. Introduction

With the continuous development of Earth observation technology, remote sens-
ing images have been widely used in environmental monitoring, land resource
investigation, precision agriculture, urban planning, disaster warning, ecological
protection, and national defense security [1] [2]. In remote sensing applications,
spatial and spectral resolutions are two important factors affecting image inter-
pretation and analysis. However, due to sensor imaging mechanisms, optical en-
ergy collection, signal to noise ratio, data storage, and transmission cost, it is dif-
ficult for a single satellite sensor to acquire images with both high spatial resolu-
tion and rich spectral information. PAN images usually provide fine spatial struc-
tures such as edges, textures, and object boundaries, but their spectral information
is limited. In contrast, low resolution multispectral (LRMS) images contain richer
spectral responses across different bands, but their spatial details are relatively in-
sufficient. Pansharpening aims to fuse the spatial information of PAN images and
the spectral information of LRMS images to generate high resolution multispec-
tral images, thereby providing more reliable data for subsequent remote sensing
tasks.

Existing pansharpening methods can be broadly divided into traditional meth-
ods and deep learning based methods. Traditional methods, including component
substitution, multi resolution analysis, and model-based optimization, are simple
and efficient, and have been widely studied. Nevertheless, these methods often
rely on fixed transformation rules or manually designed injection models, which
may lead to spectral distortion or insufficient spatial detail recovery in complex
scenes. In recent years, convolutional neural networks have been introduced into
pansharpening and have shown stronger nonlinear representation ability than tra-
ditional approaches. Representative methods such as PNN, PanNet, MSDCNN,
and PanGAN have improved fusion performance from different perspectives. At-
tention mechanisms and Transformer based structures have also been applied to
enhance spatial spectral feature representation. However, existing deep learning
based methods still have limitations in multi scale feature utilization, channel wise

feature selection, and spectral fidelity preservation. Spatial details are distributed
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across different scales, while different spectral channels contribute unequally to
the final fusion result. Moreover, conventional pixel wise reconstruction losses
mainly constrain nuSpecial description of the title. (dispensable) merical errors
and cannot directly preserve the spectral direction consistency of fused images
[3].

To address these problems, this paper proposes an attention based improved
Laplacian pyramid network for remote sensing image pansharpening. The pro-
posed method uses an MTF-based Laplacian pyramid to decompose PAN and up-
sampled MS images into multi scale components, introduces an SEFCNN adap-
tive fusion module to enhance important channel features, and combines multi
scale reconstruction loss with spectral angle mapper loss to improve spatial detail
recovery and spectral preservation. The main contributions of this study are sum-
marized as follows. First, an MTF based Laplacian pyramid decomposition and
progressive reconstruction framework is designed to extract and fuse spatial spec-
tral information at different scales. Second, an SEFCNN adaptive fusion module
is introduced to strengthen useful channel features and improve feature fusion
capability. Third, a hybrid loss function combining multi scale reconstruction loss
and SAM loss is constructed to enhance spectral consistency while maintaining
spatial details [4] [5]. Experiments on QuickBird and WorldView-3 datasets demon-
strate that the proposed method achieves favorable performance under both re-

duced resolution and full resolution conditions.

2. Materials and Methods
2.1. Datasets and Experimental Protocol

The proposed method was evaluated on two commonly used high resolution
remote sensing datasets, namely QuickBird and WorldView-3. These two da-
tasets provide paired panchromatic (PAN)and multispectral (MS) images with
different spatial and spectral resolutions, and are therefore suitable for pansharp-
ening research [6] [7]. The QuickBird dataset contains one PAN band and four
MS bands. The spatial resolution of the PAN image is 0.6 m, while that of the
low resolution multispectral (LRMS)image is 2.4 m. The WorldView-3 dataset
contains one PAN band and eight MS bands, with spatial resolutions of 0.3 m
and 1.2 m for PAN and LRMS images, respectively. Representative samples of
the two datasets are presented to show their spatial structures and spectral char-
acteristics (Figure 1). In this study, the QuickBird and WorldView-3 datasets
contain 10,923 and 8806 PAN LRMS image pairs, respectively. For each dataset,
90% of the image pairs were used for training and the remaining 10% were used
for testing (see Table 1).

Since ideal high resolution multispectral reference images are usually unavaila-
ble in real satellite imaging, both reduced resolution and full resolution experi-
ments were conducted. The reduced resolution experiments were constructed ac-
cording to Wald’s protocol [8]. Specifically, the original PAN and MS images were
degraded to generate simulated PAN, LRMS, and reference images. Under this
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setting, the original MS images could be used as reference images, making it pos-
sible to evaluate the fusion results using full-reference quantitative metrics. The
full resolution experiments directly used the original satellite images as inputs,
which is closer to practical remote sensing applications. However, because no real
HRMS reference image is available in this case, visual comparison and no refer-
ence metrics were adopted for evaluation [9].

The network was implemented using the TensorFlow deep learning framework
and trained on an NVIDIA GeForce RTX4070 GPU. The Adam optimizer was used
for parameter optimization. The initial learning rate was set to 0.0001, and both the
training batch size and validation batch size were set to 32. To provide a compre-
hensive comparison, eight representative pansharpening methods were selected as
baselines, including IHS, GS, Wavelet, MTF-GLP, PNN, MSDCNN, LPPN, and
PanGAN. These methods cover component substitution based, multi resolution
analysis based, and deep learning based categories, allowing the proposed method

to be compared with both traditional and learning based approaches.

Table 1. Dataset and experimental settings.

Dataset

PAN Bands MS Bands PAN Resolution LRMS Resolution Image Pairs Training/Testing Split

Quickbird

WorldVie-3

1 4 0.6 m 24m 10923 90%/10%

1 8 0.3m 12m 8806 90%/10%

WorldView-3 OuickBird

Figure 1. QuickBird and WorldView-3 benchmark datasets.

2.2. Overall Framework of the Proposed Network

This paper proposes an attention based improved Laplacian pyramid network, re-
ferred to as AILPPN, for remote sensing image pansharpening. The proposed net-
work aims to address two main limitations of existing deep learning based meth-
ods: insufficient use of multi scale spatial features and inadequate preservation of
spectral consistency [10]. The overall framework takes a low resolution multispec-

tral (LRMS) image and a high resolution panchromatic (PAN) image as inputs.
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First, the LRMS image is upsampled by a factor of four so that it has the same
spatial size as the PAN image. Then, the PAN image and the upsampled MS image
are decomposed into multi scale components through an MTF based Laplacian
pyramid [11]. The corresponding components at each scale are fused by adaptive
fusion subnetworks, and the final high resolution multispectral image is progres-
sively reconstructed from coarse to fine scales (Figure 2).

The proposed AILPPN mainly consists of four parts: MTF based Laplacian pyr-
amid decomposition, SEFCNN adaptive fusion, progressive reconstruction, and
hybrid loss optimization. The pyramid decomposition module separates low fre-
quency structural information and high frequency detail information at different
resolutions. The SEFCNN module extracts and fuses PAN and MS features at each
pyramid level by combining convolution, residual learning, recursive feature re-
finement, and channel attention. The progressive reconstruction module transfers
information from lower resolution levels to higher resolution levels through up-
sampling and crossscale addition [12]. Finally, the hybrid loss function combines
multi scale reconstruction loss and spectral angle mapper (SAM) loss to improve
both spatial detail recovery and spectral preservation.

Compared with direct single scale fusion, the proposed framework has clearer
multi scale representation and stronger adaptive feature selection ability. Spatial
details such as edges, textures, and object boundaries can be learned at different
pyramid levels, while the squeeze and excitation mechanism helps the model em-
phasize useful spectral spatial channels and suppress redundant responses. There-
fore, AILPPN is expected to achieve a better balance between spatial enhancement

and spectral fidelity.
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Figure 2. Diagram of the AILPPN structure.

2.3. MTF-Based Laplacian Pyramid Decomposition

The Laplacian pyramid is a classical multi scale image representation method and
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has been widely used in image compression, image enhancement, image fusion,
and super resolution reconstruction [13]. In pansharpening, spatial details from
PAN images and spectral structures from MS images are not concentrated in a
single frequency band. Edges, textures, and local structures are mainly represented
as high frequency information, while scene contours and global illumination var-
iations are related to low frequency components. If the network only performs
feature extraction at one scale, it may fail to simultaneously represent global struc-
tures and local details. Therefore, multi scale pyramid decomposition is intro-
duced to provide hierarchical inputs for subsequent feature learning.

The proposed network adopts an MTF based Laplacian pyramid rather than a
standard Gaussian kernel based pyramid. The modulation transfer function
(MTF) describes the response characteristics of remote sensing sensors to spatial
frequency information. Since real satellite images are generated through sensor
specific imaging processes, using an MTF kernel is more consistent with the deg-
radation characteristics of remote sensing images than using a fixed Gaussian ker-
nel. In this way, the decomposed components can better reflect the actual rela-
tionship between PAN and MS observations, which is beneficial for subsequent
feature fusion and reconstruction.

In the proposed network, the PAN image and the upsampled MS image are
decomposed separately through an MTF-based Laplacian pyramid. At each pyra-
mid level, low pass filtering and downsampling are first applied to obtain a lower
resolution representation. Then, the lower level image is upsampled and sub-
tracted from the current level image to generate the corresponding high frequency
residual component [14] [15]. In this way, each Laplacian pyramid level records
the information that cannot be represented by the coarser scale, mainly including
edges, textures, and local spatial details. In this study, a five level pyramid struc-
ture is adopted to provide sufficient multi scale representation for the pansharp-
ening task and to maintain consistency with the overall progressive reconstruction

process (Figure 3).

w0
M

M

Ly Ly Loy Ly Ly Ly L@ Ly L@y L@

Figure 3. Diagram of Laplacian pyramid decomposition.

Let the Laplacian components of the PAN image and the upsampled MS image

at the i-th scale be denoted as L,,, and L, respectively. At each scale, these
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two components are concatenated along the channel dimension and then used as
the input of the corresponding fusion subnetwork. This operation preserves the
complementary relationship between the high resolution spatial information of
the PAN image and the spectral information of the MS image. Through this de-
composition strategy, the subsequent SEFCNN module can learn spatial spectral
features at different scales, rather than performing fusion only at the original res-
olution. This helps reduce information mixing and improves the stability of multi

scale feature fusion.

2.4. SEFCNN Adaptive Fusion Module

After pyramid decomposition, each scale contains one PAN component and one
corresponding MS component. To effectively fuse them, this study designs an
SEFCNN adaptive fusion module based on the original adaptive fusion idea of the
Laplacian pyramid network. In the original structure, the PAN and MS compo-
nents at each scale are concatenated and processed by convolutional layers. Re-
sidual learning and recursive blocks are then used to enhance feature representa-
tion while reducing parameter redundancy [16]. However, ordinary convolution
treats all feature channels in a relatively uniform way, which may be insufficient
for pansharpening because different channels contain different amounts of spatial
and spectral information. Some channels may contribute more to edge restora-
tion, while others may be more important for spectral preservation. Therefore,
this study introduces the squeeze and excitation (SE) attention mechanism into
the fusion module.

The SEFCNN module first receives the concatenated PAN MS component at
the current pyramid scale. A convolutional layer with ReLU activation is used to
extract initial features. These features contain mixed spatial and spectral responses
[17]. Then, the SE attention module is embedded into the fusion process to adap-
tively recalibrate channel importance. Specifically, global average pooling is ap-
plied to each channel of the feature map to obtain a compact channel descriptor.
This descriptor reflects the global response of each channel and provides statistical
information for channel selection. After that, two fully connected layers are used
to learn nonlinear channel dependencies, and a sigmoid activation function maps
the learned responses into channel weights between 0 and 1. The generated
weights are multiplied with the original feature maps, so that informative channels
are enhanced and less useful channels are suppressed (Figure 4 and Figure 5).

This channel wise recalibration is particularly useful for remote sensing image
pansharpening. PAN images mainly provide spatial details, while MS images con-
tain spectral information across different bands. During fusion, simply concate-
nating these components may introduce redundant responses and noise. The SE
mechanism allows the network to learn which channels should receive more at-
tention under a specific scene and scale. For example, channels related to strong
edges, vegetation spectral responses, or building textures can be assigned larger

weights, while channels carrying weak or noisy responses can be suppressed. In
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this way, the SEFCNN module improves the selectivity of feature fusion and
makes the network more capable of modeling key spatial spectral information.
After SE attention enhancement, the recalibrated features are further processed
by recursive blocks [18]. The recursive block structure shares parameters across
repeated feature extraction operations, which helps deepen the effective network
while controlling the number of trainable parameters. Each recursive block con-
tains convolutional operations and ReLU activation. A residual connection is pre-
served between the enhanced initial feature and the output of the recursive map-
ping. This design facilitates gradient propagation during training and helps main-
tain useful low level information. The output of the recursive blocks is taken as

the fusion feature of the current scale.

L(P) g s . . : : .
> e — L etion recursive recursive recursive recursive recursive
mechanism blockl block2 block3 block4 blocks
' M*Nxb11
St 3x3

L(M)

Figure 4. Architecture of the SEFCNN adaptive fusion module.
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Figure 5. Architecture of the attention mechanism.

2.5. Progressive Reconstruction and Multi-Scale Output

After feature extraction and adaptive fusion at different pyramid levels, the net-

work reconstructs the final high resolution multispectral image. Instead of directly
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predicting the final result at the highest resolution, the proposed model adopts a
progressive reconstruction strategy [19]. This strategy follows the basic idea of the
Laplacian pyramid: coarse structural information is first recovered at low resolu-
tion levels, and spatial details are gradually supplemented at higher resolution lev-
els. By transferring information across scales, the network reduces the difficulty
of direct high resolution reconstruction and makes better use of multi scale fusion
features.

At the lowest resolution level, the output is generated directly from the fusion
feature produced by the SEFCNN module and activated by ReLU. From the sec-
ond scale onward, the output of the previous scale is first upsampled and then
added to the fusion feature of the current scale. The combined feature is then
passed through ReLU activation to generate the current scale output. This process
is repeated until the highest-resolution scale is reached. The final output at the
highest resolution scale is regarded as the pansharpened HRMS image (Figure 6).

The progressive reconstruction strategy has two main benefits. First, the lower
scale output contains relatively stable global structures and low frequency infor-
mation. After upsampling, this information guides finer scale reconstruction, pre-
venting the high resolution prediction from relying only on local texture cues.
Second, high frequency details are gradually refined at each scale, which suits the
hierarchical nature of remote sensing images. In complex scenes such as urban
areas, roads, vegetation, and water bodies, spatial structures appear at multiple
scales. Progressive reconstruction can recover these structures more smoothly and
reduce detail loss caused by direct singlestep prediction. In this study, five scale
outputs are generated. These outputs form a coarse to fine reconstruction chain
and participate in multi scale loss calculation during training, improving optimi-

zation stability.
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Figure 6. Architecture of the progressive reconstruction and multi-scale output module.
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2.6. Hybrid Loss Function

The quality of pansharpening depends on both spatial detail reconstruction and
spectral fidelity. An ideal fused high resolution multispectral image should con-
tain clear spatial structures from the PAN image and reliable spectral information
from the original MS image. If the loss function only focuses on pixel level error,
the network may generate visually sharp results but still produce spectral distor-
tion. Conversely, if it only emphasizes spectral preservation, the fused image may
lose high frequency details [9]. Therefore, an effective training objective should
consider both spatial reconstruction accuracy and spectral consistency.

Many image reconstruction networks use pixel wise losses, such as mean abso-
lute error or mean squared error, to measure differences between predicted and
reference images. However, in remote sensing pansharpening, pixel wise error
alone is insufficient. Multispectral images contain several bands, and their relative
relationships are important for land cover interpretation, vegetation analysis, ob-
ject recognition, and other applications. Even with small band wise errors, the
spectral direction of a pixel may change, causing spectral distortion. To address
this problem, this study combines multi scale reconstruction loss and spectral an-
gle mapper loss.

The first component of the proposed hybrid loss function is the multi scale re-
construction loss. Since AILPPN adopts a Laplacian pyramid structure and gen-
erates outputs at different levels, the network should not be supervised only at the
final output level. Intermediate outputs should also be constrained. This design is
consistent with progressive reconstruction. Lower scale outputs describe coarse
structural and low frequency information, while higher scale outputs contain de-
tailed textures and high frequency information. By applying multi scale supervi-
sion, the network can learn a stable coarse to fine reconstruction process.

In this study, the reconstruction loss at each scale is defined as an L1 loss. Com-
pared with L2 loss, L1 loss is less sensitive to large local errors and is more suitable
for preserving image edges and local details. Let ¥”denote the predicted output at
the i-th pyramid scale, and ¥”denote the corresponding reference image or refer-
ence component at the same scale. The reconstruction loss at the i-th scale is de-

fined as:
i 1 & i i
L, T_;\Y,, -] (1)

where N; denotes the total number of pixels at the i-th scale, and p represents the
pixel index. }i’, and Ypi represent the pixel values of the predicted image and
the reference image at pixel p of the i-th scale, respectively. This formula means
that the absolute difference between the predicted value and the reference value is
calculated for all pixels at the current scale and then averaged. In this way, each
pyramid output is directly optimized toward its corresponding reference target.
The total multi scale reconstruction loss is calculated by combining the recon-

struction losses from all pyramid scales:
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S

= Z aiLl;"ec (2)
i=1

where S'is the total number of pyramid scales, and a; is the weight of the recon-
struction loss at the /-th scale. The coefficient a; is used to control the relative
importance of different pyramid levels. In general, the final high-resolution out-
put should receive more attention, while intermediate outputs provide auxiliary
supervision to improve the stability of training. Through this multi scale recon-
struction constraint, the network can recover both global structures and fine local
details, instead of relying only on the final output supervision.

The second component of the hybrid loss function is the spectral angle mapper
loss. SAM is commonly used in remote sensing image evaluation because it measures
the angle between two spectral vectors. Unlike pixel wise losses, SAM focuses on
spectral direction rather than absolute numerical difference, making it suitable for
constraining spectral consistency in multispectral image fusion [5] [12]. In pan-
sharpening, each pixel can be regarded as a spectral vector composed of multiple
bands. A smaller angle between the predicted and reference spectral vectors indi-
cates better preservation of spectral characteristics.

For each pixel position p, the spectral vectors of the predicted HRMS image and
the reference HRMS image are denoted as ¥, and y;, respectively. The SAM loss is
defined as:

AT
Loy, = Zarccos N2 (3)
oLl +
where Nis the total number of pixels in the final fused image, and ¢ is a small
constant used to avoid division by zero. The numerator represents the inner prod-
uct between the predicted spectral vector and the reference spectral vector. The
denominator represents the product of their Euclidean norms. Therefore, this for-
mula calculates the spectral angle between the two vectors at each pixel and then
averages the angle values over the whole image. A smaller SAM loss indicates that
the predicted image has better spectral direction consistency with the reference
image.

The final training objective is obtained by combining the multi scale recon-
struction loss and the SAM loss:
L

‘total

=L, +ALg,, (4)

where A is the balance coefficient used to control the contribution of SAM loss.
The multi scale reconstruction loss mainly constrains the spatial and numerical
reconstruction accuracy of the fused image, while the SAM loss directly con-
strains the spectral direction consistency. These two components are comple-
mentary. If 1 is too small, the model may mainly optimize pixel level recon-
struction and still produce spectral distortion. If A is too large, the network may
overemphasize spectral angle consistency and weaken spatial detail recovery.

Therefore, the value of A should be selected carefully according to experimental
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performance.

2.7. Evaluation Metrics

To evaluate the proposed method comprehensively, both subjective visual com-
parison and objective quantitative assessment are adopted. Visual comparison fo-
cuses on whether the fused image can preserve natural color, sharp object bound-
aries, clear road structures, vegetation textures, and local spatial details without
obvious artifacts or spectral distortion. Objective quantitative assessment provides
more repeatable and comparable measurements of fusion quality.

For reduced resolution experiments, full reference evaluation metrics are used
because the reference HRMS image is available under Wald’s protocol. The se-
lected metrics include peak signal to noise ratio (PSNR), structural similarity in-
dex (SSIM), correlation coefficient (CC), spectral angle mapper (SAM), relative
dimensionless global error in synthesis (ERGAS), Q4. PSNR measures the global
reconstruction error between the fused image and the reference image. SSIM eval-
uates structural similarity from luminance, contrast, and structure. CC reflects the
linear correlation between the fused image and the reference image. SAM measures
spectral angle distortion and is directly related to spectral fidelity. ERGAS evalu-
ates global relative synthesis error across multiple bands. Q4 is used as a compre-
hensive multi band quality metric. Larger values of PSNR, SSIM, CC, and Q4 in-
dicate better image quality, while smaller values of SAM and ERGAS indicate less
spectral distortion and lower global error.

For full resolution experiments, no real HRMS reference image is available.
Therefore, no reference metrics are adopted, including QNR and its two distortion
components, spectral distortion and spatial distortion. QNR evaluates the overall
quality of the fused image by jointly considering spectral and spatial distortions.
A larger QNR value indicates better fusion quality, while smaller distortion com-
ponents indicate less degradation. By using different metrics under reduced reso-
lution and full resolution conditions, the proposed AILPPN can be evaluated

more comprehensively in both simulated and real resolution scenarios.

2.8. Comparative Methods and Reproducibility Considerations

The comparison methods were selected to cover several representative categories of
pansharpening algorithms. IHS and GS represent component substitution methods,
which are simple and efficient but may introduce spectral distortion when the spec-
tral response of PAN is inconsistent with that of MS bands. Wavelet and MTF-GLP
represent multi resolution analysis methods, which inject spatial detail information
extracted from the PAN image into the MS image. These methods usually preserve
spectral information better than direct component substitution methods, but
their performance depends strongly on filter design and detail injection rules.
PNN, MSDCNN, LPPN, and PanGAN represent deep learning based methods.
PNN verifies the feasibility of convolutional neural networks for end to end pansharp-
ening, MSDCNN improves multi scale feature extraction by using convolutional

kernels of different sizes, LPPN introduces a Laplacian pyramid reconstruction
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framework, and PanGAN uses adversarial learning to improve visual quality. By
comparing with these methods, the effectiveness of AILPPN can be examined in
relation to both traditional fusion strategies and deep learning based models.

For fair comparison, the same training and testing partitions are used for the
proposed method and learning based comparison methods when applicable. The
input LRMS image is upsampled to the PAN size before being fed into the net-
work. During training, the network parameters are updated by minimizing the
hybrid loss function described above. During inference, the trained network di-
rectly takes the PAN image and the upsampled MS image as inputs and outputs
the final HRMS image. The evaluation is then performed using the same metrics
for all methods. This setting helps ensure that performance differences mainly
come from the model structure and loss function design rather than from incon-
sistent data splits or evaluation procedures.

The overall methodology can therefore be summarized as a closed process con-
sisting of data preparation, multi scale decomposition, channel attentionbased
adaptive fusion, progressive reconstruction, hybrid loss optimization, and multi
level evaluation. The MTF based Laplacian pyramid provides the multiscale rep-
resentation, the SEFCNN module enhances channel wise feature selectivity, and
SAM loss further constrains spectral direction consistency. These components are
designed to work together rather than independently. The decomposition stage
provides suitable hierarchical inputs, the attention module improves the quality
of feature fusion at each scale, the progressive reconstruction module transfers
information across scales, and the hybrid loss guides the model to maintain both
spatial details and spectral fidelity. This integrated design forms the methodolog-
ical basis of the proposed AILPPN.

3. Results

To evaluate the effectiveness of the proposed attention-based Laplacian pyramid
pansharpening network, experiments were conducted on both QuickBird and
WorldView-3 datasets under reduced-resolution and full resolution conditions. In
the reduced-resolution experiments, the original multispectral images were used as
reference images, and the fusion performance was evaluated using full-reference
quality indices, including SSIM, PSNR, SAM, CC, ERGAS, Q4, and Q8. In the full
resolution experiments, since ideal high resolution multispectral reference images
were unavailable, the non-reference indices DA, Ds, and QNR were used to evaluate
spectral distortion, spatial distortion, and overall fusion quality. The proposed
method was compared with several representative pansharpening methods, includ-
ing THS, GS, Wavelet, MTF-GLP, PNN, MSDCNN, LPPN, and PanGAN.

3.1. Reduced-Resolution Experimental Results

The visual comparison results on the reduced-resolution QuickBird dataset indi-
cate that different methods present obvious differences in spatial detail recovery

and spectral information preservation (Figure 7). Traditional methods, including
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IHS, GS, Wavelet, and MTF-GLP, can improve the spatial resolution to some ex-
tent, but they also introduce spectral distortion or insufficient detail recovery. In
particular, IHS and GS tend to produce noticeable color deviation because they
inject spatial details by replacing or modifying intensity related components.
Wavelet and MTE-GLP preserve part of the spectral information, but the recon-
structed images still appear blurred in fine textures and edge regions.

Compared with traditional methods, deep learning based methods achieve bet-
ter visual quality. PNN, MSDCNN, LPPN, and PanGAN recover more spatial
structures and generate images with more natural color distributions. Among
them, LPPN and PanGAN show relatively strong fusion performance. However,
LPPN still suffers from partial loss of spectral information in complex land-cover
regions, while PanGAN produces favorable overall visual effects but does not al-
ways preserve fine structural details consistently. In contrast, the proposed AIL-
PPN method restores clearer object boundaries, road textures, and vegetation de-
tails, while maintaining a color appearance closer to the reference image. This in-
dicates that the combination of Laplacian pyramid decomposition, SEFCNN
adaptive fusion, and SAM spectral constraint is beneficial for balancing spatial
enhancement and spectral fidelity.

The quantitative results on the reduced-resolution QuickBird dataset further
support the visual comparison (see Table 2). The proposed AILPPN obtains the
best values in SSIM, PSNR, SAM, CC, and ERGAS. Specifically, it achieves an
SSIM of 0.9225, PSNR of 32.2128, SAM of 0.0311, CC of 0.9298, and ERGAS of
2.0189. These results show that AILPPN not only improves spatial structure sim-
ilarity and pixel level reconstruction accuracy, but also reduces spectral angle dis-
tortion and global relative error. Compared with LPPN, the proposed method im-
proves SSIM from 0.8923 to 0.9225 and reduces ERGAS from 2.2264 to 2.0189.
Compared with PanGAN [19], AILPPN obtains better results in most full refer-
ence indices, although its Q4 value is slightly lower than that of PanGAN. Overall,
the reduced-resolution QuickBird results demonstrate that AILPPN has stronger
comprehensive fusion ability.

The visual comparison results on the reduced-resolution WorldView-3 dataset
show that the fusion difficulty increases when more multispectral bands are in-
volved (Figure 8). Traditional methods still show obvious limitations. IHS, GS,
Wavelet, and MTF-GLP generate fused images with relatively weak spatial detail
recovery or noticeable spectral distortion. PNN preserves part of the spectral in-
formation, but its sharpening effect is insufficient, and some fine textures remain
unclear. MSDCNN improves the overall reconstruction quality, but the fused im-
age still appears relatively smooth in detailed regions. LPPN and PanGAN pro-
duce better visual results than traditional methods, but they still show different
degrees of spatial information loss.

By comparison, the proposed AILPPN method presents clearer spatial struc-
tures and more stable spectral information. The edges of buildings, roads, and

other ground objects are sharper, while the overall color distribution remains
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close to the reference image. This suggests that the proposed multi-scale recon-
struction strategy is effective for extracting spatial details from PAN images, and
the SAM loss helps maintain the spectral relationship among multispectral bands.

The quantitative comparison on the reduced-resolution WorldView-3 dataset
shows that AILPPN achieves the best results in most metrics (see Table 3). The
proposed method obtains an SSIM of 0.9169, PSNR of 32.4928, SAM of 0.0318,
CC of 0.9328, and ERGAS of 2.0189. Compared with PanGAN, the proposed
method improves SSIM from 0.9021 to 0.9169 and PSNR from 32.1703 to 32.4928.
It also reduces SAM from 0.0392 to 0.0318, indicating better spectral consistency.
Although the Q4 value of AILPPN is slightly lower than that of PanGAN, the pro-
posed method performs better in the other five indices. Therefore, the results on
WorldView-3 further confirm that AILPPN can effectively improve spatial reso-
lution while maintaining spectral fidelity.

Table 2. Comparison of results of different algorithms on reduced-resolution QuickBird

dataset.
algorithm SSIM PSNR SAM CC ERGAS Q4
IHS 0.6293 25.4355 0.1348 0.7834 5.2334 0.7239
GS 0.6372 25.5342 0.1332 0.7932 4.9324 0.7382
Wavelet 0.5732 24.9843 0.1374 0.7832 5.2355 0.7192

MTEF-GLP 0.6737 26.3452 0.1294 0.8373 4.9345 0.7726
PNN 0.8327 30.2854 0.0375 0.8922 2.3544 0.8242
MSDCNN 0.8745 30.2384 0.0427 0.8929 2.5219 0.8929
LPPN 0.8923 30.8549 0.0391 0.9134 2.2264 0.9135
PanGAN 0.9175 31.8433 0.0382 0.9236 2.1938 0.9412
AILPPN 0.9225 32.2128 0.0311 0.9298 2.0189 0.9323

Table 3. Comparison of results of different algorithms on reduced-resolution WorldView-
3 dataset.

algorithm SSIM PSNR SAM CC ERGAS Q8
IHS 0.5694 22.9238 0.1482 0.7829 5.3224 0.8844
GS 0.5734 23.4235 0.1435 0.7230 5.3945 0.8834

Wavelet 0.4934 22.7926 0.1323 0.7732 5.0183 0.8734

MTE-GLP 0.5737 24.0923 0.1453 0.8293 5.0345 0.8926
PNN 0.8583 29.3245 0.0477 0.8962 2.7329 0.9032
MSDCNN 0.8927 30.0121 0.0502 0.8833 2.7934 0.9243
LPPN 0.8978 31.0117 0.0402 0.9135 2.3179 0.9214
PanGAN 0.9021 32.1703 0.0392 0.9138 2.1343 0.9439

AILPPN 0.9169 32.4928 0.0318 0.9328 2.0189 0.9365
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(i) MSDCNN (j) LPPN (k) PanGAN (1) AILPPN

Figure 7. Sharpening results at reduced-resolution on QuickBird dataset.

(i) MSDCNN (j) LPPN (k) PanGAN (1) AILPPN

Figure 8. Sharpening results at reduced-resolution on WorldView-3 dataset.
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3.2. Full-Resolution Experimental Results

To further evaluate the practical applicability and robustness of the proposed
method, full resolution experiments were conducted on the original QuickBird
and WorldView-3 images. Unlike reduced resolution experiments, full resolution
evaluation does not have ideal high-resolution multispectral reference images.
Therefore, visual quality and non reference quantitative indices were jointly used
for evaluation. This setting is closer to real satellite imaging conditions and can
better reflect the practical fusion ability of different methods.

The full resolution pansharpening results on the QuickBird dataset show that
traditional methods still have limitations in real-resolution fusion conditions
(Figure 9). IHS and GS introduce visible color distortion, while Wavelet and
MTEF-GLP fail to recover sufficient high frequency details in some regions. For
deep learning based methods, PNN produces relatively pale images and loses part
of the spectral characteristics. MSDCNN and LPPN improve the overall visual
quality, but some local structures remain blurred. PanGAN shows competitive re-
sults and can preserve main ground object structures, but some subtle details, es-
pecially edges and fine textures in complex areas, are still not fully reconstructed.

The proposed AILPPN method achieves better visual performance. The fused
image contains clearer edge structures and richer spatial textures, while the color
distribution remains relatively natural. In particular, roads, buildings, and vege-
tation areas are better distinguished, and the boundaries between different ground
objects are more complete. This indicates that the proposed progressive recon-
struction strategy can effectively transmit multi scale spatial details to the final
high resolution output, while the SEFCNN module helps the network select more
useful channel features during fusion and reduce redundant feature interference.

The quantitative results on the full-resolution QuickBird dataset also confirm
the advantage of the proposed method (see Table 4). AILPPN achieves the lowest
DA value of 0.0051 and the highest QNR value of 0.9520. Its Ds value is 0.0431,
which is slightly higher than that of PanGAN but still better than most compari-
son methods. Since DA reflects spectral distortion and Ds reflects spatial distor-
tion, the results indicate that AILPPN has strong spectral preservation ability and
competitive spatial quality. The QNR value further demonstrates that the pro-
posed method obtains the best overall non reference fusion quality on the Quick-
Bird dataset, suggesting a better balance between spatial enhancement and spec-
tral consistency.

The full-resolution results on the WorldView-3 dataset present a similar trend
(Figure 10). Traditional methods exhibit noticeable spectral distortion and tex-
ture blurring. In several local regions, the edges of buildings and roads are not
sufficiently sharp, and the color distribution is less consistent with the original
multi spectral image. Among the deep learning based comparison methods, Pan-
GAN and LPPN achieve better fusion results than PNN and MSDCNN, but there
is still some information loss in edge details and complex spatial structures, espe-

cially in areas with dense buildings and mixed land cover types.
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The proposed AILPPN method generates fused images with clearer spatial de-
tails and more stable spectral information. The visual result is closer to the ex-
pected high resolution multispectral image, especially in areas containing build-
ings, roads, and mixed land cover types. Compared with the other methods, AIL-
PPN better preserves the continuity of object boundaries and reduces local blur-
ring in complex spatial regions. This result suggests that the proposed network is
not only effective under simulated reduced resolution conditions, but also has
good adaptability to real full resolution remote sensing scenes.

The quantitative comparison on the full resolution WorldView-3 dataset shows
that AILPPN obtains the best performance in all three non reference indices (see
Table 5). The DA, Ds, and QNR values of the proposed method are 0.0050, 0.0418,
and 0.9534, respectively. Compared with PanGAN, the proposed method reduces
DA from 0.0055 to 0.0050 and Ds from 0.0452 to 0.0418, while improving QNR
from 0.9495 to 0.9534. These improvements indicate that AILPPN can simultane-
ously suppress spectral distortion and spatial distortion. Therefore, the proposed
method achieves a better balance between spectral preservation and spatial detail

enhancement on the WorldView-3 dataset.

Table 4. Comparison of results of different algorithms on full-resolution QuickBird da-

taset.
algorithm Ds DA QNR
IHS 0.2144 0.1143 0.6958
GS 0.2132 0.0829 0.7216
Wavelet 0.1215 0.1323 0.7623
MTEF-GLP 0.1197 0.1343 0.7621
PNN 0.0061 0.0532 0.9410
MSDCNN 0.0059 0.0492 0.9452
LPPN 0.0058 0.0483 0.9462
PanGAN 0.0057 0.0427 0.9518
AILPPN 0.0051 0.0431 0.9520

Table 5. Comparison of results of different algorithms on full-resolution WorldView-3 da-

taset.
algorithm Ds DA QNR
IHS 0.2013 0.1127 0.7087
GS 0.2042 0.0915 0.7230
Wavelet 0.1354 0.1228 0.7584
MTEF-GLP 0.1241 0.1299 0.7621
PNN 0.0058 0.0526 0.9419
MSDCNN 0.0059 0.0492 0.9452
LPPN 0.0058 0.0474 0.9471
PanGAN 0.0055 0.0452 0.9495
AILPPN 0.0050 0.0418 0.9534
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(i) LPPN (i) PanGAN (k) AILPPN

Figure 9. Sharpening results at full-resolution on QuickBird dataset.

(i) LPPN (j) PanGAN (k) AILPPN

Figure 10. Sharpening results at full-resolution on WorldView-3 dataset.

DOI: 10.4236/0japps.2026.165107 1958 Open Journal of Applied Sciences


https://doi.org/10.4236/ojapps.2026.165107

J.Z. Zhou

3.3. Ablation Study

To verify the effectiveness of the proposed SEFCNN adaptive fusion module and
SAM loss function, ablation experiments were conducted on the reduced-resolu-
tion QuickBird dataset. The baseline model corresponds to the original Laplacian
pyramid pansharpening network without the SEFCNN module and SAM loss.
Based on this baseline, SEFCNN and SAM loss were added separately and jointly
to analyze their contributions.

The ablation results demonstrate that both the SEFCNN module and SAM loss
contribute to the improvement of fusion performance (see Table 6). The baseline
model obtains an SSIM of 0.8923, PSNR of 30.8549, CC of 0.9134, and ERGAS of
2.2264. After introducing the SEFCNN adaptive fusion module alone, SSIM in-
creases to 0.9117, PSNR increases to 31.2455, and CC increases to 0.9224. This
improvement indicates that the SEFCNN module can enhance feature represen-
tation by adaptively recalibrating channel responses, thereby improving the re-
covery of spatial and spectral features.

When only the SAM loss is added, SSIM, PSNR, and CC also improve compared
with the baseline, while ERGAS decreases from 2.2264 to 2.1638. This result shows
that the SAM loss can provide a more direct spectral constraint during training
and reduce spectral distortion in the fused image. Compared with the SEFCNN
only model, the SAM loss only model shows a more obvious reduction in ERGAS,
which is consistent with its role in improving spectral fidelity.

When both SEFCNN and SAM loss are used, the complete AILPPN model
achieves the best results, with SSIM of 0.9225, PSNR of 32.2128, CC of 0.9298,
and ERGAS of 2.0189. These results demonstrate that the two components are
complementary. The SEFCNN module mainly improves adaptive feature fusion,
while the SAM loss strengthens spectral consistency. Their joint use enables the
network to obtain better spatial reconstruction and spectral preservation simul-
taneously.

In addition, the influence of the weight coefficient of the SAM loss was further
analyzed (see Table 7). When the coefficient is too small, the spectral constraint
is insufficient, and the model cannot fully benefit from the SAM loss. As the coef-
ficient increases, the performance gradually improves. The best result is achieved
when the coefficient is set to 0.2, where SSIM, PSNR, CC, and ERGAS reach
0.9225, 32.2128, 0.9298, and 2.0189, respectively. However, when the coefficient
is further increased to 0.3 or 0.4, the performance slightly decreases. This suggests
that an excessively strong spectral constraint may weaken the network’s ability to
recover spatial details. Therefore, the coefficient of the SAM loss is set to 0.2 in
the final model.

Opverall, the ablation study confirms the rationality of the proposed network
design. The SEFCNN adaptive fusion module improves feature fusion, while the
SAM loss enhances spectral preservation. The complete AILPPN model achieves
the best overall performance, verifying the effectiveness of combining channel at-

tention-based adaptive fusion with spectral angle based loss optimization.
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Table 6. Comparison of ablation results of different algorithms on reduced-resolution
QuickBird dataset.

SEFCNN Adaptive Fusion =~ SAM Loss Function QuickBird
Module Module SSIM PSNR CC ERGAS
x x 0.8923 30.8549 0.9134 2.2264
y X 0.9117 31.2455 0.9224 2.2142
x 0.9042 31.1343 0.9188 2.1638

<2

0.9225 32.2128 0.9298 2.0189

Table 7. Results of weight coefficient experiments for the hybrid loss module on QuickBird.

Weight Coefficient Settings of the Hybrid QuickBird

Loss Function SSIM  PSNR CC  ERGAS

0 0.9117 31.2455 0.9224 2.2142

0.01 0.9121 31.2747 0.9227 2.2049

0.05 0.9157 31.4426 0.9241 2.1589

0.1 09197  31.7859  0.9272 2.0868

0.2 0.9225 32.2128  0.9298 2.0189

0.3 0.9211 32.2021 0.9277 2.0723

0.4 0.9202 32.1683 0.9247 2.0837

4. Discussion

The experimental results in Section 3 show that the proposed AILPPN method
achieves stable and competitive performance on both QuickBird and WorldView-
3 datasets. In the reduced-resolution experiments, AILPPN obtains better results
in most full reference evaluation indices, especially SSIM, PSNR, SAM, CC, and
ERGAS (see Table 2 and Table 3). In the full-resolution experiments, the pro-
posed method also achieves favorable non reference evaluation results, particu-
larly in terms of QNR (see Table 4 and Table 5). These results indicate that AIL-
PPN can effectively improve the spatial resolution of multispectral images while
maintaining relatively stable spectral information. Therefore, this section further
discusses the reasons for the performance improvement of the proposed method,
the roles of the SEFCNN module and SAM loss, the difference between reduced
resolution and full resolution evaluation, and the remaining limitations of the cur-

rent work.

4.1. Effect of Laplacian Pyramid-Based Multi-Scale Fusion

The improvement of AILPPN is first related to its Laplacian pyramid based multi
scale fusion framework. In pansharpening, the PAN image mainly provides high
frequency spatial details, while the MS image contains richer spectral information.
If these two types of information are fused directly at a single scale, the network

may enhance spatial details but also introduce spectral distortion. This problem
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can be observed in several traditional methods. For example, IHS and GS can im-
prove image sharpness to some extent, but they tend to cause obvious color devi-
ation. Wavelet and MTF-GLP preserve part of the spectral information, but their
results still contain blurred textures and insufficient edge recovery (Figure 7 and
Figure 8).

By contrast, the proposed method decomposes the input images into multi-
scale representations through the MTF-based Laplacian pyramid. This design al-
lows the network to learn spatial and spectral relationships at different resolution
levels. Low frequency components help preserve the overall spectral structure of
the MS image, while high-frequency components provide detailed edge and tex-
ture information from the PAN image. Through progressive reconstruction, the
network gradually transfers coarse scale structural information to fine scale de-
tails, which helps avoid the instability caused by direct high frequency injection.
This is why the fused images generated by AILPPN show clearer road edges, build-
ing contours, and vegetation textures while maintaining a more natural color dis-

tribution (Figure 7 and Figure 8).

4.2. Role of the SEFCNN Adaptive Fusion Module

The second reason for the improvement lies in the SEFCNN adaptive fusion mod-
ule. In remote sensing image fusion, different feature channels do not contribute
equally to the final result. Some channels contain more important spectral infor-
mation, while others are more closely related to spatial textures or may even in-
clude redundant responses. If the network treats all channels in the same way,
important features may be weakened during the fusion process.

The SEFCNN module introduces channel attention into the fusion network. It
adaptively assigns weights to different feature channels, enabling the network to
enhance useful spatial spectral information and suppress less relevant features.
This mechanism is particularly useful for WorldView-3 images, because the da-
taset contains more multispectral bands and therefore has a more complex spec-
tral relationship than QuickBird. The visual comparison also supports this point.
In the WorldView-3 experiments, AILPPN shows better edge restoration and
more stable spectral appearance than most comparison methods (Figures 3-8 and
Figure 10).

The ablation study further confirms the effectiveness of SEFCNN. When only
the SEFCNN module is added to the baseline model, SSIM, PSNR, and CC are all
improved (see Table 6). This shows that the channel attention mechanism is not
merely an additional structural component, but actually improves the feature se-
lection and fusion ability of the network. It helps the model focus more on useful
information during multi scale reconstruction, thereby improving the overall

quality of the pansharpened image.

4.3. Contribution of SAM Loss to Spectral Preservation

In addition to network structure, the loss function also plays an important role in
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the proposed method. Traditional pixel-level reconstruction loss can constrain the
numerical difference between the fused image and the reference image, but it does
not directly describe the spectral angle relationship among different bands. For
remote sensing images, spectral consistency is very important because many down
stream applications, such as land cover classification, vegetation monitoring, and
object interpretation, depend on stable spectral information.

For this reason, the proposed method introduces SAM loss into the hybrid loss
function. The SAM loss directly measures the angle between the spectral vector of
the output image and that of the reference image. A smaller spectral angle means
better spectral preservation. Therefore, this loss can guide the network to main-
tain spectral consistency while reconstructing spatial details. The ablation results
show that adding SAM loss alone can improve the baseline model and reduce ER-
GAS (see Table 6), indicating that the spectral constraint is effective.

However, the weight of SAM loss needs to be carefully controlled. The weight
coefficient experiment shows that the model performance first improves and then
decreases as the SAM loss weight increases (see Table 7). When the coefficient is
too small, the spectral constraint is insufficient. When the coefficient is too large,
the network may pay too much attention to spectral preservation and weaken the
recovery of spatial details. The best performance is obtained when the coefficient
is set to 0.2, which indicates that spatial detail enhancement and spectral fidelity

should be balanced rather than optimized separately.

4.4. Full-Resolution Applicability and Remaining Limitations

The full resolution experiments further demonstrate the practical value of the pro-
posed method. Compared with reduced resolution experiments, full resolution ex-
periments are closer to real remote sensing applications because the original satellite
images are directly used as input. However, the ideal HRMS reference image is un-
available in this situation, so non reference indices such as DA, Ds, and QNR are
used for evaluation. The results show that AILPPN obtains the best QNR values on
both QuickBird and WorldView-3 datasets (see Table 4 and Table 5). This indi-
cates that the proposed method maintains a good balance between spectral distor-
tion suppression and spatial detail enhancement in real resolution scenarios.

From the visual results, AILPPN also performs well in areas containing build-
ings, roads, vegetation, and mixed land cover objects (Figure 9 and Figure 10).
Compared with traditional methods, it reduces obvious color distortion. Com-
pared with other deep learning based methods, it recovers clearer local structures
and richer spatial textures. This suggests that the proposed multi-scale reconstruc-
tion framework has good adaptability to different sensors and image contents.

Nevertheless, several limitations remain. First, the experiments are mainly con-
ducted on QuickBird and WorldView-3 datasets. Although these two datasets are
representative, they cannot fully cover all remote sensing sensors, land cover
types, and imaging conditions. Second, the current evaluation mainly focuses on

commonly used image quality indices and visual comparison. Future research can
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further examine whether the fused images improve downstream tasks such as clas-
sification, detection, or change analysis. Third, the proposed method introduces
multi scale decomposition, SEFCNN fusion, and multi-scale supervision, which
improves performance but also increases model complexity. Therefore, future
work should further optimize the network structure and improve computational
efficiency.

Opverall, the proposed AILPPN method improves pansharpening performance
through the combination of MTF-based Laplacian pyramid decomposition, SEF-
CNN adaptive fusion, progressive reconstruction, and SAM based spectral con-
straint. The experimental results verify that these components work together to
enhance spatial details and preserve spectral information, providing an effective

framework for high quality remote sensing image pansharpening.

5. Conclusions

Taking remote sensing image pansharpening as the research object, this study
proposed an attention based Laplacian pyramid pansharpening network, named
AILPPN. The proposed method combines MTF-based Laplacian pyramid decom-
position, SEFCNN adaptive fusion, progressive reconstruction, multi scale super-
vision, and a hybrid loss function with SAM spectral constraint. Through this
framework, spatial details from the PAN image and spectral information from the
MS image can be extracted and fused at different scales, thereby improving the
balance between spatial enhancement and spectral preservation.

Experiments were conducted on QuickBird and WorldView-3 datasets under
both reduced resolution and full resolution conditions. The results show that AIL-
PPN achieves better or competitive performance compared with traditional and
deep learning based pansharpening methods. In reduced resolution experiments,
the proposed method improves most full reference indices, including SSIM, PSNR,
SAM, CC, and ERGAS. In full resolution experiments, it also obtains favorable
non reference evaluation results, especially in terms of QNR. The ablation exper-
iments further verify that the SEFCNN module enhances adaptive feature fusion,
while the SAM loss improves spectral consistency. Their joint use contributes to
the best overall performance.

Overall, the contribution of this study lies in providing an effective multi-scale
spatial spectral fusion framework for pansharpening. However, the current exper-
iments are mainly limited to two datasets. Future work will further test the method
on more sensors and scenes, optimize model complexity, and evaluate its influ-

ence on downstream remote sensing tasks.
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