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MMAPP: Multibranch and Multiscale Adaptive
Progressive Pyramid Network for Multispectral

Image Pansharpening
Zhiqi Zhang , Chuang Liu , Lu Wei , and Shao Xiang

Abstract—Pansharpening is the process of integrating two het-
erogeneous remote sensing images to obtain high-resolution mul-
tispectral images, which is crucial for downstream tasks. Existing
methods utilizing advanced deep-learning techniques are able to
achieve good sharpening results. However, the heterogeneity be-
tween diverse source images is not sufficiently considered, which in
turn results in distortions in the sharpening results. Addressing this
gap, we have developed a multibranch pyramid structure, which
can build bridges between diverse source images at various scales.
It contains three distinct branches, including the PAN branch, the
MS branch, and the fusion branch, which efficiently and seamlessly
integrates the data flow in distinct branches by means of the
pyramid structure. Furthermore, in order to retain more advan-
tageous information, we have developed a specialized adaptive ex-
traction and integration module (AEIM) for each branch, namely,
the texture shrinkage adaptive module for the PAN branch, the
spectral information consistency module for the MS branch, and
the adaptive fusion module for the fusion branch. These AEIMs
are specifically designed to cater to diverse sources and distinct
stages of the pansharpening process. The adaptive weights they
generate can be used to extract and fuse more advantageous infor-
mation. Ultimately, high-fidelity sharpening outcomes are obtained
by minimizing the reconstruction errors at various scales in distinct
branches. Extensive experiments show that our methodology sur-
passes that of representative advanced methods, while maintaining
a high level of efficiency. All implementations will be published at
MMAPP.

Index Terms—Image fusion, multimodal data, multispectral
image, panchromatic image (PANI), remote sensing.

I. INTRODUCTION

R EMOTE sensing images (RSIs) collected by different
imaging sensors have been widely utilized in various
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fields, such as national defense construction [1], disaster warning
[2], and geological survey [3]. The limitations of the physical
environment and hardware budget prevent a single sensor from
simultaneously acquiring RSIs with fine-grained spatial texture
and high-fidelity spectral information. Modern high-resolution
optical satellites acquire high spatial resolution (HR) panchro-
matic image (PANI) and low spatial resolution (LR) multi-
spectral image (MSI) by configuring different sensors. In light
of this, the pansharpening technique has been developed as a
cost-effective means for integrating information in the above two
types of RSIs. Consequently, HR MSIs can be generated, which
are crucial for downstream tasks and real-world applications.

The key to pansharpening is to simultaneously retain adequate
spatial information in PANI and spectral information in MSI.
However, PANI and MSI are captured by different sensors,
and there are inherent scale disparities between them. This het-
erogeneity presents a significant challenge in balancing spatial
and spectral preservation. So far, pansharpening methods can
be broadly categorized into traditional and deep-learning (DL)
methods [4]. In the majority of traditional methods [5], [6], [7],
linear transformation is employed to manually extract features
from diverse source images, offering the advantages of high ef-
ficiency and independence from hardware devices. Nonetheless,
the limited representational capabilities of extracted features
render it difficult to represent intricate relationships between het-
erogeneous data, resulting in distortions in the fusion outcomes.
Recent years have witnessed a surge in the research on DL, as it
has demonstrated great potential in representing the correlations
of diverse source data [8]. As depicted in Fig. 1, the design
principles of DL methods can be categorized into three distinct
categories: single-branch structures incorporating the concept
of super-resolution (SR) [9], [10], [11], [12], double-branch
structures that accommodate diverse source characteristic [13],
[14], and UNet-based multiscale structures that accommodate
scale disparities [15], [16], [17]. Despite the fact that these
methods surpass traditional methods in quantitative outcomes,
the sharpened images still suffer from evident spatial or spectral
distortion. There is, on the one hand, a fundamental difference
between SR and pansharpening. The former does not necessitate
any additional images to improve the spatial resolution, whereas
the latter necessitates the utilization of spatial information within
the PANI. On the other hand, some DL methods directly migrate
advance modules or network structures from other domains
to the pansharpening domain. This style has the potential to
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Fig. 1. Design principles of DL-based pansharpening methods. (a) Single-branch structure incorporating the concept of super-resolution. (b) Dual-branch
structure. (c) UNet-based multiscale structure. (d) Proposed multibranch pyramid structure.

enhance sharpening performance, however, it lacks targeted
research for pansharpening tasks. The heterogeneity of PANI
and MSI is neglected by these techniques, resulting in spatial
and spectral distortions in fusion outcomes. Furthermore, these
incorrect spatial textures and unreasonable spectral distributions
contravene the original purpose of RSIs, which are intended to
reflect actual geographical characteristics. For the purposes of
this article, it is imperative to address three primary concerns:
1) how can we effectively exploit the scale disparities and
heterogeneity of diverse source images? 2) how can we enhance
the preservation of spatial textures and spectral information in
the input image pairs? and 3) how can we obtain sharpened
images with higher fidelity and realism?

Regarding the issue of scale inconsistency, it is natural to
associate that the bridge between PANI and MSI can be smoothly
built using a multiscale structure. This gap can be alleviated with
the UNet-based multiscale structure. It first samples two images
of different scales directly to the same scale, then performs a
concatenation operation in the channel dimension, and finally
feeds into the UNet-based multiscale structure. The direct sam-
pling and concatenating procedures overlook the heterogeneity
between diverse source images, resulting in distorted fusion re-
sults. The dual-branch structure can alleviate this issue; however,
it fails to utilize the disparities in scale between diverse source
images. Combining a multiscale structure with a dual-branch
structure may offer a potential solution. However, the mere
amalgamation of the two can be rather blunt, and we require

a state that efficiently and seamlessly integrate diverse source
features. Therefore, we have developed multibranch pyramid
structure to build bridges between diverse source images at
various scales. It contains three branches, including the PAN
branch, the MS branch, and the fusion branch, which efficiently
and seamlessly integrates the data flow in distinct branches
by means of the pyramid structure. Comparative to the other
three types of sharpened structures, the proposed multibranch
pyramid structure is capable of encompassing the heterogeneity
and scale differences of PANI and MSI by employing distinct
branches to extract and integrate information at various scales
from diverse sources. Meanwhile, it establishes the transfer of
information at the same scales via long-distance connections,
thereby preserving more information.

On this basis, it is imperative to preserve as much of the
advantageous information in diverse source images as possible,
specifically spatial texture in PANI and spectral information
in MSI. Conventional convolution employs context-agnostic
convolution kernels, which assign identical weight to distinct
local regions, resulting in the loss of crucial texture information.
Dynamic convolution is an effective technique that aligns with
the notion of attention mechanism, enabling the generation of
distinct weights according to diverse inputs. Compared to the at-
tention mechanism, dynamic convolution is more advantageous
in terms of efficiency while retaining more information. Inspired
by dynamic convolution, we design a specialized adaptive ex-
traction and integration module (AEIM) for each branch, i.e.,
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texture shrinkage adaptive module (TSAM) for PAN branch,
spectral information consistency module (SICM) for MS branch,
and adaptive fusion module (AFM) for fusion branch. These
AEIMs are specifically designed to cater to diverse sources and
distinct stages of the pansharpening process. They possess the
capability to generate adaptive weights based on the inputs,
thereby enabling adaptive attention to distinct local regions and
preserving more spatial textures and spectral information.

Likewise, in the fusion branch, we have designed a multistage
reconstruction process to restore the HRMSI to its original scale.
We calculate reconstruction errors at different scales in both
the MS and fusion branches, and subsequently weight these
errors to construct multiscale reconstruction constraints. This
process is intended to ensure that of more realistic information
is maintained. The following contribution can be drawn.

1) Given the diverse sources and scale inconsistencies of
PANI and MSI, we propose an efficient multibranch pyra-
mid structure for pansharpening, comprising PAN, MS,
and fusion branches. Each branch employs a pyramid
structure in order to extract multiple scale features from
diverse source images. Due to the highly cohesive design
of the three branches, the whole model is capable of
achieving high-fidelity sharpening outcomes while main-
taining a high level of efficiency. On the one hand, this
structure considers the heterogeneity and scale disparities
between diverse source data. It is capable of extracting
and integrating information of various scales from diverse
sources, while establishing the transmission between in-
formation of the same scale, thereby achieving the high-
fidelity fusion. On the other hand, this structure does not
rely on the accumulation of numerous high-complexity
modules, ensuring a high level of efficiency.

2) To preserve adequate spatial textures in PANI and spectral
information in MSI while effectively balancing them,
we have developed three task-specific AEIMs for three
distinct branches. These modules can generate adaptive
weights based on the characteristics of diverse source
images, ensuring that advantageous information can be
effectively extracted and integrated.

3) The multiscale loss function is obtained by weighing the
reconstruction errors of various scales in distinct branches.
This way, more advantageous information can be pre-
served, leading to a more realistic spatial texture and
spectral distribution of the sharpened images.

The rest of this article is organized as follows. Section II
outlines the work related to the proposed MMAPP. In Section III,
we present a detailed description of the proposed MMAPP. In
Section IV, we show the experimental outcomes and conduct
a thorough analysis of them. Section V discusses the proposed
methodology. Finally, Section VI concludes this article.

II. RELATED WORKS

A. Traditional Pansharpening Methods

The traditional methods for pansharpening include compo-
nent substitution (CS)-based, multiresolution analysis (MRA)-
based, and variational optimization (VO)-based methods [13].

The CS methods presuppose that spatial and spectral information
in MSI can be separated, which means that spatial details in MSI
are directly substituted by PANI. During the process of substitu-
tion, these methods produce localized differences due to spectral
mismatch, resulting in spectral distortion. Therefore, various
improved methods have been proposed, including BT-H [5],
GSA [6], and PRACS [7]. Although the improved methods can
yield superior rendering effects, spectral distortion still occurs
due to the inherent flaws of the design principle of CS. The MRA
methods employ the MRA tool to extract spatial features from
the PANI, which are then injected into the LRMSI according
to specified guidelines. In general, MRA methods outperform
the CS, despite the presence of spatial distortion. The MRA
methods predominantly encompass AWLP [18] and MTF-GLP
[19]. In the VO methods, the pansharpening task is perceived as
an ill-posed problem [20], [21], [22]. Palsson et al. [23] designed
an observation-model-based sharpening method utilizing prior
knowledge and regularized it using the total variation technique,
which yielded satisfactory visual outcomes despite its high
computational complexity. Based on this, Palsson et al. [24]
designed a general-model-based fusion method for two-by-two
fusion between PANI, MSI, and hyperspectral image using
principle component analysis and wavelets. Vicinanza et al. [25]
considered the pansharpening task to be a signal reconstruction
problem, which estimates the missing details in MSI from PANI
by means of a sparse representation technique. The method
was able to achieve excellent quantitative scores on different
data, however, it demonstrated poor subjective performance. In
general, the sharpening outcomes obtained by VO methods are
visually superior, however, they necessitate the artificial setting
of hyperparameters and exhibit limited generalization capability
in complex scenes. Moreover, guided by the aforementioned
classical techniques, certain methods, such as VOGTNet [26],
LNM-PS [27], and LRTCP [28], are capable of achieving high-
fidelity sharpening outcomes in diverse scenes by introducing
nonlinear constraints.

B. DL-Based Pansharpening Methods

Recently, DL has been extensively utilized in the field of
pansharpening due to its inherent capability of implicitly ac-
quiring prior knowledge from vast quantities of data. A pan-
sharpening neural network (PNN) [9], influenced by SRCNN,
is proposed. Despite the fact that PNN only contains three
convolutional layers, it demonstrated a notable sharpened effect,
laying the foundation for subsequent DL-based pansharpening
methods. Similarly, Cai and Huang [10] proposed a pansharp-
ening network under the influence of the SR processing. To
preserve adequate fine-grained spatial details, Yang et al. [13]
extracted high-frequency feature from PANI, and retained high-
frequency details utilizing the residual structure. Zhang et al.
[14] constructed a bidirectional pyramidal network (BDPN)
using residual blocks, which is able to fuse the extracted spatial
and spectral features through pairwise interactions. The BDPN
achieved an excellent sharpening performance, but the stacking
of numerous residual blocks results in a significant expansion
of the model parameters. Considering the disparities of diverse
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source images, Chen et al. [29] developed a novel two-branch
structure using guided filtering to extract the high-frequency
textures of PANI and MSI, respectively. In order to establish the
global spatial–spectral dependence, several methods employed
improved attention modules to construct the network, leading
to satisfactory sharpened results, such as TANI [30], TRRNet
[31], and RSANet [32]. Although these methods can achieve
satisfactory results, the stacking of numerous convolutional and
attention layers in these methods has a significant impact on the
efficacy of pansharpening. Considering the correlation between
PAN and MSI, some methods employ a UNet-based multiscale
structure to efficiently utilize the information at different scales,
such as MUCNN [15] and MMFN [16]. In contrast to the motiva-
tion of previous article, we propose a novel multibranch pyramid
structure. The design principle of this structure is founded on
a comprehensive analysis of the pansharpening task, taking
into account the heterogeneity and disparities in scale between
diverse source images.

C. Dynamic Convolution

The objects present in distinct local regions in RSIs frequently
exhibit distinct characteristics. Due to its context-agnostic, it is
challenging to extract fine-grained spatial and spectral informa-
tion using standard convolution. Dynamic convolution, however,
is capable of generating kernels with different weights based on
different inputs, which can adapt to different local regions of the
same image and thus retain more information. The first work on
dynamic convolution was the dynamic filtering network (DFN)
[33]. This method can be used to directly obtain the weights
of the convolution kernel by means of a filtering network. Wu
et al. [34] introduced an attention mechanism to generate an
adaptive kernel, which can learn more relevant information from
different neighborhoods. Likewise, there were several works that
combine convolution with self-attention mechanisms, such as
X-volution [35], ACmix [36], and TRRNet [31]. These works
can establish global dependencies while reducing the computa-
tional burden imposed by self-attention. Moreover, Zhou et al.
[37] proposed a decoupled dynamic filtering network (DDF),
which was an enhancement of the DFN. Content flexibility
can be achieved by decomposing the convolution kernel from
the spatial and channel dimensions. Some recent studies have
introduced dynamic convolution into pansharpening. Jin et al.
[11], inspired by DDF, combined local adaptation with global
harmonic deviation to improve feature extraction capability from
RSIs. Shi et al. [12] extracted information from PANI and MSI
by utilizing two independent branches and then combining them
to generate an adaptive discriminant kernel. The discriminant
kernel can handle different attributes of diverse source images.
The aforementioned works inspired us to introduce dynamic
convolution into our endeavors. Under the guidance of the pro-
posed multibranch pyramid structure, we develop three distinct
task-specific AEIMs for three branches. These modules are
capable of extracting a wide range of contextual information
from diverse source data, thereby maximizing the integration of
advantageous information in the input image pairs.

III. METHODOLOGY

In this section, we furnish a comprehensive description of
the proposed methodology. The motivation and overview of
MMAPP are presented first. Subsequently, we outline the pri-
mary components of the model, including the multibranch
pyramid structure, three AEIMs, and multiscale reconstruction
constraint.

A. Motivation and Overview

The design principles followed by existing DL methods in-
clude single-branch structure, dual-branch structure, and mul-
tiscale structure. The utilization of SR by the single-branch
structure effectively enhances the spatial resolution of LRMSI.
However, it may result in excessive smoothness in certain local
areas, which is detrimental to the subsequent interpretation
of RSIs. The dual-branch structure employs two branches to
extract the robust feature representations of PANI and MSI
in parallel before fusion processing, taking into account the
heterogeneity between diverse source data. Unfortunately, this
structure is responsible for a rigid fusion process and distorted
outcomes due to the neglect of the scale disparities between
diverse source images. The UNet-based multiscale structure is
capable of utilizing the information of various scales to alleviate
the distortion issue caused by scale disparities. However, it
accomplishes this by sampling diverse source images directly
to the same scale, performing the concatenation operation in
channel dimension, and finally extracting the information of
various scales simultaneously, disregarding the heterogeneity
between diverse source data. Combining a multiscale structure
with a dual-branch structure may offer a potential solution.
Nonetheless, the mere amalgamation of the two can be quite
blunt, and it is imperative to establish a state that facilitates the
seamless integration of diverse source characteristics. Therefore,
we have developed a multibranch pyramid structure to build
bridges between diverse source images at various scales. This
novel structure contains three distinct branches that efficiently
and seamlessly integrates the data flow at various scales by
means of the pyramid structure.

As depicted in Fig. 2, it contains three branches, including
the PAN branch, the MS branch, and the fusion branch. The
MMAPP aims to fuse PANI 𝒫 ∈ RH×W×1 with LRMSI ℳ ∈
Rh×w×C to obtain the HRMSI ℳ̃ ∈ RH×W×C . The h/H and
w/W represent the height and width, respectively. Besides, C
represents the number of bands. Overall, the proposed method-
ology can be summarized as

ℳ̃ = fFB ([fPB (𝒫) , fMB (ℳ)]) (1)

where fPB, fMB, and fFB represent the PAN, MS, and fusion
branches, respectively. [·] represents the concatenation oper-
ation. The multibranch structure is developed to exploit the
heterogeneity of 𝒫 and ℳ. In addition, each branch contains a
pyramid structure that efficiently and seamlessly integrates data
flows at various scales across distinct branches. In the meantime,
we have developed three specialized AEIMs for each branch: the
TSAM for the PAN branch, the SICM for the MS branch, and
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Fig. 2. Overall architecture of the proposed MMAPP. The multibranch structure is developed to exploit the heterogeneity of diverse source images. Each branch
contains a pyramid structure that efficiently and seamlessly integrates data flows at various scales across distinct branches. Meanwhile, distinct AEIMs within the
pyramid structure of distinct branches are specifically designed to cater to diverse sources and distinct stages of the pansharpening process.

the AFM for the fusion branch. These AEIMs are specifically
designed to cater to diverse sources and distinct stages of the pan-
sharpening process, enabling the extraction and integration of
more advantageous information. Finally, multiscale constraints
are developed to obtain high-fidelity fused images.

B. Multibranch Pyramid Structure

We develop a multibranch pyramid structure that explores the
various scale information of the heterogeneous𝒫 andℳ. Specif-
ically, we develop distinct feature extraction branches for𝒫 and
ℳ, referred to as PAN and MS branches, instead of utilizing a
single-branch structure or a UNet-based multiscale structure to
directly stitch two diverse source images as input. Moreover, an
additional branch is dedicated to achieving feature fusion and
reconstruction, commonly referred to as the fusion branch. The
notion of pyramid is used in each of the three branches to preset
three different scales. In the meantime, the connection between
different scale features is established through long range residual
learning and concatenation learning, preserving more spatial
textures and spectral information.

In the PAN branch, spatial features at various scales can be
extracted by progressively downsampling𝒫 by a factor of 2 and
4, respectively, by means of a pyramid structure. The process
can be quantified as follows:

𝒫,𝒫𝒹2, 𝒫𝒹4 = fPB (𝒫) (2)

where 𝒫d2 and 𝒫d4 are the results of the downsampling of 𝒫
by the factor of 2 and 4 in the PAN branch, respectively. In a
similar manner,ℳ is gradually upsampled by factor of 2 and 4,
respectively. The process can be quantified as follows:

ℳ,ℳu2, ℳu4 = fMB (ℳ) (3)

where ℳu2 and ℳu4 are the results of the upsampling of ℳ
by the factor of 2 and 4 in the MS branch, respectively. Fig. 2
illustrates that the PAN and MS branches extract different scale
features from opposite directions, which could enhance the inter-
action between the two branches and enhance the performance
of feature extraction.

Subsequently, 𝒫d4 and ℳ are combined in the spectral di-
mension, and forwarded to the fusion branch. Therefore, the M̃
in (1) is remodeled as follows:

ℳ̄,
=
ℳ, ℳ̃ = fFB ([𝒫𝒹4, ℳ]) (4)

where ℳ̄,
=
ℳ, and ℳ̃ denote the outputs at various scales,

which are utilized to construct the multiscale reconstruction
constrains. The fusion branch is able to obtain ℳ̃ by fusing
and reconstructing the multiscale spatial features in the PAN
branch and the multiscale spectral features in the MS branch.

C. Adaptive Extraction and Integration Modules for
Heterogeneous Features

In order to extract and integrate the multiscale spatial features
in the PAN branch and the multiscale spectral features in the
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Fig. 3. Schematic of three AEIMs developed for three different branches. (a) TSAM for the PAN branch. (b) AFM for the fusion branch. (c) SICM for the MS
branch.

MS branch, we develop a specific AEIM for each branch, com-
prising TSAM for the PAN branch, SICM for the MS branch,
and AFM for the fusion branch. These AEIMs are specifically
engineered to cater to diverse sources and distinct stages of the
pansharpening process, enabling the extraction and integration
of more advantageous information. They possess the capability
to generate adaptive weights based on heterogeneous inputs,
thereby enabling adaptive attention to distinct local regions and
preserving more spatial textures and spectral information.

1) TSAM: The objective of this AEIM is to extract the
multiscale spatial features from 𝒫, which corresponds to the
issue solved by (2). The TSAM has been specifically designed
for the PAN branch, which focuses on extracting the precise
multiscale spatial textures. The objects present in distinct local
regions in RSIs frequently exhibit distinct characteristics. Con-
ventional convolution employs context-agnostic convolution
kernels, which assign identical weight to distinct local regions,
resulting in the loss of crucial texture information, particularly
during the process of feature scale shrinkage. In the contrary,
TSAM focuses on different local regions in the same spatial
dimension and generates adaptive weights for different local
regions. In addition, since 𝒫 is mapped to multiple channel di-
mensions during feature extraction, we introduce global spatial
indexes for different channel dimensions to extract finer spatial

textures by means of residual learning. As illustrated in Fig. 3(a),
stable local features are extracted by a series of convolution
operations, which are then subjected to a series of transforma-
tions to generate adaptive weights for the corresponding local
regions. A series of transformations includes deformation, up-
dimensionality, and duplication operations, which we ignore for
ease of understanding in the following equations. Subsequently,
the generated weights are utilized to execute a convolution
operation on the corresponding locations in the input feature
map, while the global feature representation in this region is
extracted. Finally, the two are subjected to an additive operation
to obtain a precise representation of spatial texture. The process
can be quantified as follows:

𝒦text
(i,j) = Sig

(
̂Conv

(
ℱ
𝓅

(i,j)

))
(5)

ℱ
glob
(i,j) =

̂Conv
(

GAP
(
ℱ
𝓅

(i,j)

))
(6)

ℱtsa = 𝒦text ⊗ ℱ𝓅 ⊕ ℱglob (7)

where ℱ𝓅(i,j) represents the features in the PAN branch with

spatial coordinates (i, j). ̂Conv represents a series of convolu-
tional and ReLU layers. Sig and GAP represent sigmoid and
global average pooling, respectively. 𝒦text and ℱglob represent
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the convolution kernel with extracted adaptive weights and the
extracted global feature representation, respectively. Besides,
⊗ and ⊕ represent the convolution and addition operations,
respectively. The operation above is defined as𝒯𝒮𝒜, i.e., feature
extraction by TSAM. ℱtsa is the output of the 𝒯𝒮𝒜 operation.
Subsequently, we proceed to follow the residual structure de-
picted in the grey dashed box in Fig. 2 to construct the residual
block pertaining to TSAM, referred to as 𝒯𝒮𝒜-ℛes, while the
operation is defined as ̂𝒯𝒮𝒜. The initial convolution block in
the residual structure is employed to increase the dimensionality
of the input image, whereas the subsequent residual blocks are
employed to extract robust spatial texture characteristics. With
𝒯𝒮𝒜-ℛes, it is possible to extract the spatial texture from 𝒫 at
various shrinkage scales. As a result, the 𝒫𝒹2 and 𝒫𝒹4 in (2) are
remodeled as follows:

𝒫𝒹2 = MP
(
̂𝒯𝒮𝒜 (𝒫)

)
(8)

𝒫𝒹4 = MP
(
̂𝒯𝒮𝒜 (𝒫𝒹2)

)
(9)

where MP denotes the MaxPooling operation.
In this way, three kinds of spatial texture features with dif-

ferent shrinkage scales are obtained by progressively executing
𝒯𝒮𝒜 operation on 𝒫. The 𝒯𝒮𝒜 operation generates the kernel
weights of this local region according to the distinct positions of
the input features, which can maximize the preservation of the
differences between distinct local regions in RSIs. The extracted
fine-grained spatial textures lay the foundation of the subsequent
spatial–spectral feature integration.

2) SICM: This AEIM attempts to extract the multiscale spec-
tral features fromℳ, which corresponds to the issue resolved by
(3). The SICM has been specifically designed for the MS branch,
which focuses on extracting the high-fidelity multiscale spectral
information. Different targets in RSIs exhibit distinct spectral
curves. Unlike TSAM, SICM focuses its domain on the spec-
tral dimension and generates adaptive weights for distinct spec-
tral bands within the same spatial region. It is well known that
𝒫 and ℳ are imaged by different sensors, while radiometric
discrepancy between them exists. This means that the HRMSI
contains spatial details that are absent in 𝒫 but present in ℳ
[7]. For this reason, we simultaneously extract the spatial infor-
mation within the same spatial region in order to obtain spatial
information complementary to 𝒫. As shown in Fig. 3(c), the at-
tention is focused on the spectral dimension by GAP and a series
of convolution operations are used to extract the robust spectral
features. A series of deformation, updimensionality, and dupli-
cation operations are then used to generate the spectral adaptive
weights. Simultaneously, convolution operations are employed
to extract spatial feature representations in the corresponding
spatial region that are complementary to 𝒫. Finally, the convo-
lution kernels with spectral adaptive weights are convolved with
the input features and the corresponding complementary spatial
feature representations are added to obtain high-fidelity spectral
features. The process can be quantified as follows:

𝒦
spec
(i,j) =

̂Conv
(

GAP
(
ℱ𝓂(i,j)

))
(10)

ℱ
comp
(i,j) = Sig

(
̂Conv

(
ℱ𝓂(i,j)

))
(11)

ℱsic = 𝒦spec ⊗ ℱ𝓂 ⊕ ℱcomp (12)

where ℱ𝓂(i,j) represents the features in the MS branch with
spatial coordinates (i, j). 𝒦spec and ℱcomp represent the con-
volution kernel with extracted spectral adaptive weights and
the extracted complementary spatial features, respectively. The
operation above is defined as 𝒮ℐ𝒞, i.e., feature extraction by
SICM. ℱsic is the output of the 𝒮ℐ𝒞 operation. Similar to 𝒯𝒮𝒜-
ℛes, we continue to construct the residual block associated with
SICM, referred to as 𝒮ℐ𝒞-ℛes, while the operation is defined as
̂𝒮ℐ𝒞. With 𝒮ℐ𝒞-ℛes, it is feasible to obtain consistent spectral
information fromℳ while performing upsampling. As a result,
the ℳu2 and ℳu4 in (3) are remodeled as follows:

ℳu2 = UP
(̂
𝒮ℐ𝒞 (ℳ)

)
(13)

ℳu4 = UP
(̂
𝒮ℐ𝒞 (ℳu2)

)
(14)

where UP denotes the upsampling operation.
In this way, three kinds of spectral consistency features with

various scales are obtained by progressively executing 𝒮ℐ𝒞

operation on ℳ. By focusing on the spectral dimension, 𝒮ℐ𝒞
possesses the capability to obtain rich multiscale spectral infor-
mation. Moreover, this information comprises spatial informa-
tion that is complementary to𝒫, which can lead to the formation
of a more reasonable spectral distribution. These serve as the
foundation for subsequent high spatial–spectral fidelity fusion.

3) AFM: This AEIM aims to integrate the output of the PAN
branch with the output of the MS branch. The AFM has been
specifically designed for the fusion branch, which focuses on
integrating the multiscale spatial features in the PAN branch
and the multiscale spectral features in the MS branch. AFM
combines the advantages of TSAM and SICM, which focus
on both spatial and spectral dimensions to seamlessly integrate
advantageous information in heterogeneous features. However,
both ordinary convolution and dynamic convolution possess
limited receptive fields and are incapable of capturing global
dependencies. The correlation between different local regions
is important to prevent distortion caused by overattention to
a certain local area when fusing heterogeneous features from
different branches. Self-attention mechanism has the potential
to address these issues, however, it will come with computational
burdens. Given the above factors, we introduce a convolutional
and self-attention combination module, ACmix [36], which
has been demonstrated to successfully combine the advantages
of convolution and self-attention. As shown in Fig. 3(b), the
AFM establishes global dependencies through ACmix when
generating adaptive fusion weights for different local regions.
Subsequently, we adopt the identical spectral weight genera-
tion scheme as in SICM and execute pixelwise dot-product of
the spatial adaptive weights with the corresponding spectral
adaptive weights. This approach enables us to obtain adaptive
fusion weights for heterogeneous features, thereby facilitating
their seamless integration. Additionally, similar to TSAM, we
introduce global spatial features for different spectral bands and
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integrate spatial–spectral features with fine-graininess by means
of residual learning. The process can be quantified as follows:

𝒦
spaw
(i,j) = Sig

(
̂ACmix

(
ℱ
𝒻

(i,j)

))
(15)

𝒦
spew
(i,j) =

̂Conv
(

GAP
(
ℱ
𝒻

(i,j)

))
(16)

𝒦fus
(i,j) = 𝒦

spaw
(i,j) �𝒦

spew
(i,j) (17)

ℱaf = 𝒦fus ⊗ ℱ𝒻 ⊕ ℱglob (18)

where F f
(i,j) represents the input of the fusion branch with

spatial coordinates (i, j). ̂ACmix represents a series of ACmix
and ReLU layers. 𝒦spaw, 𝒦spew, and 𝒦fus represent the con-
volution kernel with spatial adaptive weights, corresponding
spectral adaptive weights, and corresponding adaptive fusion
weights, respectively. � represents the pixelwise dot-product
operation. Besides, ℱglob is obtained in a similar way as in
(6) with the input ℱ𝒻(i,j). The operation above is defined as

𝒜ℱ, i.e., feature integration by AFM. ℱaf is the output of the
𝒜ℱ operation. Subsequently, we proceed to follow the residual
structure depicted in the blue dashed box in Fig. 2 to construct
the residual block pertaining to AFM, referred to as 𝒜ℱ-ℛes,
while the operation is defined as ̂𝒜ℱ. The initial ReLU layer
in the residual structure is used to reduce the redundancy of
heterogeneous features. With 𝒜ℱ-ℛes, RSIs with fine-grained
spatial textures and high-fidelity spectral information can be

reconstructed progressively. As a result, the ℳ̄,
=
ℳ, and ℳ̃

in (4) are remodeled as follows:

ℳ̄ =̂𝒜ℱ (Conv ([𝒫𝒹4,ℳ])) (19)

=
ℳ =̂𝒜ℱ

([
𝒫𝒹2,UP

(
ℳ̄

)
,ℳu2

])
(20)

ℳ̃ =̂𝒜ℱ
([
𝒫,UP

( =
ℳ

)
,ℳu4

])
. (21)

In this way, fused images of three different scales are recon-
structed by progressively executing𝒜ℱ operation on multiscale
heterogeneous features from the different branches. By focusing
on both spatial and spectral dimensions, the 𝒜ℱ operation is
capable of generating adaptive fusion weights that correspond
to different regions, thereby efficiently and seamlessly inte-
grating multiscale heterogeneous features. With the assistance
of AFM, the fusion branch can concentrate on integrating the
advantageous information from the PAN and MS branches, thus
balancing spatial and spectral preservation and generating fused
images with high spatial–spectral fidelity.

D. Multiscale Reconstruction Constraint

To ensure that fused images contain more realistic informa-
tion, we impose reconstruction constraints on outputs of various
scales in different branches. The reconstruction constraints can
be specifically quantified as follows:

ℒ𝒹4 =

∑H
m=1

∑W
n=1

∑C
l=1 ‖ℳ̄ (m,n, l)− 𝒢̄ (m,n, l) ‖F

HWC
(22)

ℒ𝒹2 =

∑H
m=1

∑W
n=1

∑C
l=1 ‖ ¯̄ℳ (m,n, l)− ¯̄𝒢 (m,n, l) ‖F

HWC
(23)

ℒori =

∑H
m=1

∑W
n=1

∑C
l=1 ‖ℳ̃ (m,n, l)− 𝒢 (m,n, l) ‖F

HWC
(24)

ℒspe =

∑H
m=1

∑W
n=1

∑C
l=1 ‖ℳu4 (m,n, l)−ℳU (m,n, l) ‖F

HWC
(25)

ℒTotal = λ1 · ℒ𝒹4 + λ2 · ℒ𝒹2 + λ3 · ℒori + λ4 · ℒspe (26)

where 𝒢 ∈ RH×W×C is the ground truth (GT). ¯̄𝒢 and 𝒢̄ are the
results after downsampling 𝒢 by a factor of two and four, respec-
tively. Besides,ℳU ∈ RH×W×C is the results after upsampling
ℳ by a factor of four. The objectives of ℒ𝒹4, ℒ𝒹2, and ℒori are
to provide guidance to the fusion branch in obtaining precise
multiscale reconstructed images, while ℒspe aims to enable the
MS branch to concentrate more on learning spectral distributions
that are consistent with ℳ. Besides, λ1, λ2, λ3, and λ4 are four
proportion coefficients that have been empirically set to 0.2,
0.3, 0.5, and 0.01, which will be discussed in Section IV-G. In
particular, the initial learning rate, epochs, and batch size are set
to 3e−4, 600, and 32, respectively. The Adam is chosen as the
optimizer and the learning rate is decayed by 10% every 100
epochs.

IV. EXPERIMENTS

A. Datasets

To comprehensively evaluate the efficacy of the proposed
MMAPP, we select three publicly available datasets from three
different satellites in PanCollection1 [38]. Table I shows the
basic information of each dataset in detail.

1) GaoFen-2 (GF2) dataset contains image data captured
by the GF2 satellite in Guangzhou. The size of MSI is
6907 × 7300, the 1000 pixels on the right side of the
image are used for testing, and the rest of the image is
cut into 22 010 64 × 64 image patches for training and
validation.

2) QuickBird (QB) dataset mainly contains data captured
by the QB satellite in Indianapolis. The size of MSI is
4096 × 4096, and like the GF2 dataset, 1000 pixels on the
right side of the image were used for testing, and the rest
of the image was cut into 19 044 64 × 64 image patches
for training and validation.

3) WorldView-3 (WV3) dataset mainly contains data cap-
tured by the WV3 satellite in Rio and Tripoli. The size of
MSI of 2811 × 3408 and 1871 × 2020 in Rio and Tripoli,
respectively. Among them, the right 1/4 part of the images
taken in Rio region in May and Tripoli region in August
are cut out for testing, and the rest is cut into 10 794 64 ×
64 image patches for training and validation.

1[Online]. Available: https://github.com/liangjiandeng/PanCollection

https://github.com/liangjiandeng/PanCollection
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TABLE I
BASIC INFORMATION OF EACH DATASET

All three datasets are publicly available, which can be ac-
cessed in published articles and corresponding websites. It is
worth noting that the experiment mainly consists of reduced-
scale test (RST) and full-scale test (FST), wherein the RST
mainly evaluates the fitting capability of the model, while the
FST mainly evaluates the generalization capability in real-world
scenarios. There are no identical images between the two distinct
test sets from each of the three datasets, even though they are
extracted from the same city.

B. Evaluation Metrics

We use five well-known metrics exactly evaluate the fusion
performance in RST, namely the relative dimensionless global
error in synthesis (ERGAS) [39], the spectral angle mapper
(SAM) [40], the spatial correlation coefficient (sCC) [41], the
Q2n [42], and the relative average spectral error (RASE) [41].
Among them, ERGAS and sCC are capable of assessing the
spatial fidelity of the sharpened image, whereas SAM, Q2n,
and RASE primarily assess the spectral fidelity. In addition,
the closer the values of ERGAS, SAM, and RASE are to 0,
the better, while the closer the values of sCC and Q2n are to
1, the better. Similarly, we employ five nonreference metrics to
evaluate the performance in FST, namely the spatial distortion
index (Ds) [43], the spectral distortion index (Dλ) [43], the
spectral distortion index from Khan’s protocol (DF

λ ) [44], the
quality with no reference (QNR) [43] and the hybrid quality
with no reference (HQNR) [44]. The less distorted the sharpened
image becomes, the closer the values of Ds, Dλ, and DF

λ are to
0; similarly, the closer the values of QNR and HQNR are to 1,
the better the balance between spatial and spectral preservation
of the sharpened image becomes.

C. Comparative Methods

To evaluate the efficacy of MMAPP, we choose 22 ad-
vanced methods for comparison experiments, including EXP
[45], PRACS [7], BT-H [5], BDSD-PC [46], AWLP [18],
MTF-GLP-HPM-R (HPM-R) [47], MTF-GLP-FS (FS) [48],
TV [23], PWMBF [24], SR-D [25], PanNet [13], BDPN [14],
SRPPNN [10], MUCNN [15], LAGConv [11], ADKNet [12],
TANI [30], TRRNet [31], MMFN [16], RSANet [32], MSSTNet
[49], and CSTNet [29]. Among them, EXP is an upsampling
method, also called 23-tap polynomial interpolation. PRACS,
BT-H, and BDSD-PC are CS-based methods. AWLP, HPM-R,
and FS are MRA-based methods. TV, SR-D, and PWMBF
are VO-based methods. These nine methods all belong to the
traditional method. Besides, the rest are DL-based methods. In
particular, the design principle of PanNet, SRPPNN, LAGConv,

ADKNet, and RSANet belongs to single-branch structure, while
the design principle of BDPN, TANI, TRRNet, and CSTNet
belongs to dual-branch structure, while the design principle
of MUCNN, MSSTNet, and MMFN belongs to UNet-based
multiscale structure. For a fair comparison, we use the authors’
officially released code and the setup described in the original
paper. All of the codes are executed on a computer that is
equipped with an i5-11600 CPU and two GTX-3060 GPUs. In
addition, for the sake of reproducibility, all implementations will
be published at MMAPP.

D. Experiments on GF2 Dataset

Fig. 4 shows the RST results on the GF2 dataset. The red box
in the lower left corner is the result of enlarging the local area.
Despite its poor results in terms of spatial quality, the fusion
results obtained by EXP can be used as the spectral reference,
presumably due to the absence of the PANI. Furthermore, it
is apparent that all CS-based and MRA-based methods exhibit
spectral distortion, yet they maintain fine spatial texture in the
zoom-in zone. For the VO-based methods, TV demonstrates
good visual effects, SR-D demonstrates severe spatial distor-
tions, and PWMBF demonstrates significant spectral distortion.
In the methods employing the single-branch structure, Pan-
Net and ADKNet show significant spectral distortion, while
SRPPNN, LAGConv, and RSANet exhibit too much smoothing
in the zoomed-in region. In contrast, ADKNet retains more tex-
ture information. In the methods using the dual-branch structure,
BDPN performs poorly in both spatial and spectral retention.
TANI and CSTNet demonstrate slight spectral distortion and
significant spatial distortion, while TRRNet demonstrates better
visual effects although some loss of detail occurs. In the methods
using multiscale structures, MUCNN demonstrates significant
spatial blurring. MSSTNet demonstrates slight spectral dis-
tortion and significant spatial distortion. MMFN demonstrates
good spectral fidelity but it loses some of its spatial details, as
evidenced by the white part of the edges of the zoomed-in region.
Overall, only ADKNet, TRRNet, and the proposed MMAPP
exhibit a balance between spatial and spectral preservation.
In contrast, MMAPP exhibits the closest spatial texture and
spectral distribution to GT. The corresponding absolute error
maps (AEMs) are provided to illustrate the difference between
the different methods, as shown in Fig. 5. It is clear that the
proposed MMAPP exhibits the least residuals, which further
validates that MMAPP can achieve the best qualitative results.

Further, the qualitative results on FST are shown in Fig. 6,
revealing a number of resemblances. Three CS-based methods
all maintain good spatial texture but lose spectral information.
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Fig. 4. Qualitative comparison under the RST on GF2 dataset (selected bands: red, green, and blue).

Fig. 5. AEMs that correspond to each method are depicted in Fig. 4.

Fig. 6. Qualitative comparison under the FST on GF2 dataset (selected bands: red, green, and blue).
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TABLE II
QUANTITATIVE COMPARISON ON GF2 DATASET

The fusion outcomes of MRA-based methods exhibit varying
degrees of spectral distortion and detail blurring, with AWLP
exhibiting the lowest level of spectral fidelity. As with the results
in RST, the VO-based methods SR-D and PWMBF exhibit
significant distortion. For methods based on single-branch struc-
tures, PanNet and ADKNet demonstrate spectral distortion. The
fusion results of SRPPNN demonstrate spatial distortion. LAG-
Conv and RSANet balance spatial and spectral preservation.
The fusion results of all four methods based on the dual-branch
structure show slight spectral distortion. For the methods em-
ploying multiscale structures, the fusion results of MUCNN
exhibit slight spectral distortion. The fusion results of MSSTNet
are similar to those of CSTNet, exhibiting excessive smoothing
in local areas. MMFN demonstrates good visual results. The
proposed MMAPP exhibits the closest spatial texture to PANI,
specifically in the pavement portion of the zoomed-in area.
Furthermore, unlike other methods, MMAPP does not introduce
spectral information that is not present in MSI, especially in
the road tooth region. This supports the ability of the proposed
MMAPP to achieve more realistic sharpening results.

The quantitative outcomes are presented in Table II. The top
three ranked methods are highlighted in red, green, and blue,
respectively. The ranking does not take EXP into account be-
cause it is a sampling method and not a pansharpening one. The
outcomes show that DL-based methods outperform traditional
method on the metrics. Specifically, the proposed MMAPP
achieves the best scores on all reference metrics. In addition,
on the nonreference metrics, the MMAPP does not perform
the best on the spatial (Ds) and spectral distortion metrics (Dλ

and DF
λ ), but it did perform the best on the two comprehensive

metrics (QNR and HQNR), which further demonstrates that the
proposed methodology is able to best balance spatial and spectral
preservation.

E. Experiments on QB Dataset

Fig. 7 shows the RST results on the QB dataset. Except for
PRACS and TV, all other traditional methods exhibit signifi-
cant spatial and spectral distortions. In the methods employing
the single-branch structure, PanNet exhibits severe spatial and
spectral distortions. The fusion results of SRPPNN, ADKNet,
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Fig. 7. Qualitative comparison under the RST on QB dataset (selected bands: red, green, and blue).

Fig. 8. AEMs that correspond to each method are depicted in Fig. 7.

and RSANet show slight spectral distortion. The fusion results
of LAGConv exhibit good visual results. In the methods em-
ploying the dual-branch structure, the fusion results of BDPN
demonstrate significant spatial and spectral distortions. TANI
demonstrates slight spatial distortions, while CSTNet demon-
strates slight spectral distortions. In the methods employing the
multiscale structure, MUCNN exhibits slight spectral distor-
tion. In general, LAGConv, TRRNet, MSSTNet, and MMFN
demonstrate satisfactory subjective performance. In contrast,
the proposed MMAPP exhibits a spatial texture and spectral
distribution more consistent with that of GT, as shown in the
lower left corner of the zoomed-in region. The AEMs in Fig. 8
show the differences between the methods more clearly and
it can be seen that the proposed MMAPP possesses the least
residuals.

Likewise, the results of the FST are as shown in Fig. 9. The
performance of most of the methods is degraded, as evidenced by
the fact that all traditional and DL methods show more or less

spectral distortion. Among traditional methods, the results of
BT-H exhibit the most pronounced spectral distortion, whereas
SR-D exhibits the most severe spatial distortion, owing to the in-
ability of the linear a priori assumptions to be applied to intricate
scenarios. In the methods employing the single-branch structure,
only RSANet displays a spectral fidelity similar to EXP. In the
methods employing the dual-branch structure, it appears that
BDPN and TRRNet exhibit severe spectral distortions, whereas
TANI exhibits slight spectral distortion, in addition to the spa-
tial distortion associated with the fusion outcome of CSTNet.
Furthermore, MUCNN exhibits evident spectral distortion. The
fusion results of MSSTNet, MMFN, and the proposed MMAPP
are similar, with MSSTNet being the closest to EXP in terms
of spectral fidelity, and MMFN and MMAPP in terms of spatial
texture. Overall, MMAPP also achieves satisfactory results in
FST, with no obvious spectral or spatial distortion.

The quantitative outcomes are presented in Table III. In RST,
akin to the findings obtained from the GF2 dataset, our MMAPP
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Fig. 9. Qualitative comparison under the FST on QB dataset (selected bands: red, green, and blue).

TABLE III
QUANTITATIVE COMPARISON ON QB DATASET
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Fig. 10. Qualitative comparison under the RST on WV3 dataset (selected bands: red, green, and blue).

Fig. 11. AEMs that correspond to each method are depicted in Fig. 10.

not only achieves the highest values but also the smallest
standard deviation values. This implies that our methodology
achieves the highest degree of stability and optimal fusion
performance. In FST, our method achieves the third-best value
on the QNR and HQNR, after SR-D and MMFN. In contrast to
the RST, where there is a reference image available, the five non-
reference metrics in the FST use customized spectral and spatial
references to calculate the degree of distortion in the sharpened
image. For example, the spectral distortion metrics Dλ and DF

λ

use the interpolated MSI image as a spectral reference, i.e., EXP.
However, the qualitative evaluations indicate that the spectral
distributions of HRMSI and EXP are inconsistent, which makes
the spectral distortion indices unavoidably introduce bias. On
the other hand, some studies [4], [50] have demonstrated that
spectral distortion metrics may treat the injected spatial details
as spectral distortions. These factors partially explain the fact
that the VO-based method SR-D exhibits poor spatial quality
in qualitative evaluations, whereas it achieves the best scores in

quantitative evaluations. To summarize, the combined perfor-
mance in both qualitative and quantitative experiments demon-
strates that our methodology is advantageous and competitive.

F. Experiments on WV3 Dataset

To further assess the generalizability, we conduct experiments
on the eight-band WV3 dataset. Fig. 10 shows the RST results
on the WV3 dataset. As the sharpened scene becomes more and
more complex, i.e., there are more and more targets in the scene
and they are more and more granular, it can be observed that the
performance of the traditional methods demonstrates obvious
limitations. All traditional methods exhibit varying degrees of
spatial and spectral distortion, with SR-D exhibiting the most
serious spatial distortion. Except for PanNet, BDPN, and TANI,
the rest of the DL-based methods exhibit good visual results.
The corresponding AEMs are provided for a more intuitive
visualization, as illustrated in Fig. 11. It is evident that ADKNet
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Fig. 12. Qualitative comparison under the FST on WV3 dataset (selected bands: red, green, and blue).

and MMFN correspond to AEMs with darker hues, whereas
the proposed MMAPP exhibits the least residuals, especially
in the flower bed area. The results of the FST are as shown in
Fig. 12. It is noticed that the CS-based methods exhibit obvious
spectral distortion, while the MRA-based methods all exhibit
evident spatial distortion. Among the DL-based methods, TANI
and MSSTNet perform best in terms of spatial quality, but they
suffer from slight spectral distortion. SRPPNN, BDPN, and
MUCNN show poor spatial quality. In contrast, the proposed
MMAPP exhibits minor spatial distortion, specifically on the
white sedan doors. As a whole, the MMAPP better balances
spatial and spectral preservation.

Table IV shows the corresponding quantitative results. The
highest values and the smallest standard deviations in RST
show that our method is more capable of handling the more
challenging scenario. In FST, the proposed MMAPP does not
achieve the best scores on the two spectral distortion metrics
(Dλ and DF

λ ). As previously mentioned, we have conducted
an analysis of certain irrationalities associated with these two
metrics in determining the spectral reference image. Our method
achieves the highest score on the QNR, which implies that our
method better balances spatial texture and spectral informa-
tion. SRPPNN achieves the highest scores on HQNR, but its
performance on qualitative results is very poor. The quality of
sharpened images can be approximated by these metrics, and
ought to evaluate them thoroughly by combining qualitative and
quantitative evaluations. By combining qualitative and quanti-
tative evaluations, it can be inferred that the proposed MMAPP
achieves the optimal balance between preservation of spatial
textures and spectral information.

G. Ablation Experiments

The proposed MMAPP primarily comprises of the multi-
branch pyramid structure, three AEIMs, and multiscale recon-
struction constraints. These components are validated and an-
alyzed accordingly in this section. For ease of comprehension,

we refer to the scale variant in the multibranch pyramid structure
as S-Variant; the variant in the ablation experiment for the three
AEIMs as M-Variant; the variant related to each loss function
in the multiscale reconstruction constraints as L-Variant; and
the variant related to the coefficients of each loss function as
C-Variant.

1) Multibranch Pyramid Structure: This part is used to verify
the impact of the number of preset scales within the pyramid
structure on the overall performance. We set up four scale
variants by controlling the number of samples, including one
scale, two scales, three scales, and four scales. The qualitative
experimental results for each variant are shown in Fig. 13(a).
S-Variant Ⅰ and S-Variant Ⅱ exhibit obvious spectral distortions
as a result of not full exploiting the multiscale information,
resulting in a more rigid fusion process. However, the fusion per-
formance suffers degradation as the number of scales becomes
four. The scale ratio between PANI and MSI is four. The scale of
the input features of the MS branch and the fusion branch is half
of the MSI scale, as we additionally execute a downsampling
operation on the MSI, resulting in some information lost during
the sampling process. It can be observed from the corresponding
AEMs that, although the performance is degraded compared
to S-Variant Ⅲ, S-Variant Ⅳ still outperforms S-Variant Ⅱ in
preserving the local texture, proving the necessity of utilizing
multiscale information. Table V illustrates the quantitative re-
sults consistent with the qualitative analysis. When the ratio
between PANI and MSI is four, the three scales are capable of
establishing the optimal connection between the two images,
thereby achieving high fidelity fusion outcomes.

2) AEIMs: The purpose of this section is to validate the
efficacy of each AEIM across three distinct branches, namely
TSAM, SICM, and AFM. Four variants are devised, comprising
a baseline version devoid of any AEIMs, followed by the gradual
incorporation of TSAM, SICM, and AFM. The qualitative exper-
imental results for each variant are shown in Fig. 13(b), where
M-Variant Ⅰ is baseline, and M-Variant Ⅱ, M-Variant Ⅲ, and
M-VariantⅣ are the results after sequential addition of TSAM,
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TABLE IV
QUANTITATIVE COMPARISON ON WV3 DATASET

Fig. 13. Ablation experimental results on the number of scales in multibranch pyramid structure and AEIM in each branch. (a) Ablation experimental results on
the number of scales in multibranch pyramid structure. (b) Ablation experimental results on three AEIMs (selected bands: red, green, and blue).

SICM, and AFM respectively. Even without using any AEIMs,
M-Variant Ⅰ (baseline) still displays the good visual effect. AEMs
are able to visualize the differences between variants more
intuitively. It can be clearly seen that the residuals in the AEM
corresponding to M-Variant Ⅱ become less after the addition of
TSAM. After the addition of SICM, the spectral distribution of
M-Variant Ⅲ tends to agree with GT, while the local hue of the
AEM becomes darker. In addition, the residuals of M-Variant

Ⅲ are further reduced compared to M-Variant Ⅱ due to the
additional consideration of complementary spatial details in
diverse source images by SICM. Finally, the spatial texture and
spectral distribution of the fused images are further enhanced by
the addition of AFM, which is attributed to the ability of AFM
to focus on both the spatial and spectral dimensions. Table V
illustrates the quantitative results consistent with the qualitative
analysis. The best score for the spectral distortion index (Dλ) of
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TABLE V
QUANTITATIVE RESULTS OF ABLATION EXPERIMENTS ON WV3 DATASET

Fig. 14. Ablation experimental results on the proposed multiscale reconstruction constraint (selected bands: red, green, and blue).

M-Variant Ⅲ was achieved after the addition of SICM, which
demonstrates the ability of SICM to focus on improving the
spectral distribution of the fused image. Moreover, Dλ instead
decreases after the addition of AFM, which is due to the fact
that AFM aims to achieve a balance between spatial and spectral
preservation in order to improve the overall quality of the image.

3) Multiscale Reconstruction Constraint: The purpose of
this section is to validate the efficacy of each component in
the proposed loss function. Similarly, four variants are designed
by gradually introducing constraints at different scales. The
qualitative experimental results for each variant are shown in
Fig. 14. It can be clearly seen from the AEMs that the residuals
of the fused images are gradually reduced with the gradual
introduction of the multiscale constraints. In addition, the fidelity
of the fused image is further improved after the introduction of
ℒspe. Table V illustrates the quantitative results. QNR is obtained
by weightingDs andDλ. The proposed MMAPP fails to achieve
the best scores on Dλ and QNR. This is due to the fact that
the introduction of multiscale constraints can make full use
of the information available at different scales, which in turn
improves the spatial quality of the image. However, it has been
demonstrated that QNR could potentially regard the increased
detail as the spectral distortion [50], which in turn results in the
decrease Dλ and QNR.

The coefficients corresponding to the components of multi-
scale constraints are subject to ablation experiments. There are
two distinct parts to these experiments: sensitivity experiments
on the coefficients that correspond to the three preset scales (λ1,
λ2, and λ3), and sensitivity experiments on the coefficients that
correspond to ℒspe (λ4). The experimental results are shown in
the right part of Fig. 14 and in the bottom part of Table V.
C-Variant Ⅰ–Ⅳ are coefficient variants corresponding to differ-
ent scale constraints. It is evident that, when the same weights
are assigned to different scale constraints, the fusion results of
C-Variant Ⅰ demonstrate the loss of a large amount of critical
information, such as building edge regions. It is well known that
the purpose of pansharpening is to exploit the spatial information
from PANI to sharpen the MSI to the original scale of PANI. Fur-
thermore, the GT at the original scale retains the most complete
information, whereas the downsampling operation results in
some information being lost. Therefore, the original scale should
be given a greater weighting coefficient. The fusion results of
C-Variant Ⅳ exhibit the sharpest building edges and the least
residuals when λ4 is adjusted to 0.5. It is worth noting that,
in FST, C-Variant Ⅱ achieves the best score on Dλ, making its
QNR score slightly higher than that of C-Variant Ⅳ. C-Variant
Ⅲ achieves the best scores on DF

λ and QNR. This is due to the
higher weighting coefficient assigned to the original scales allow
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TABLE VI
QUANTITATIVE COMPARISON OF EFFICIENCY ON WV3 DATASET

Fig. 15. Comparison of the efficiency of existing state-of-the-art DL-based methods. The first line shows the relationship between reduced-scale performance and
efficiency, and the second line shows the relationship between full-scale performance and efficiency. The first column shows the relationship between performance
and NoPs, the second column shows the relationship between performance and the computational complexity, and the second column shows the relationship
between performance and the time complexity.

the fused images to maintain a more consistent spectral distribu-
tion over the GT. However, some of the multiscale information
is lost, resulting in a poor performance on Ds. C-VariantⅣ–Ⅶ
are coefficient variants of the corresponding coefficients of ℒspe.
As the value of λ4 increases, the fusion results show a spectral
distribution that is more consistent withℳU , as evidenced by an
overall decreasing trend inDs. However, the spatial information
inℳU is limited, and assigning larger weighting coefficients to
ℒspe causes the fusion results to perform poorly in terms of spatial
information preservation. As a result, we set λ1, λ2, λ3, and λ4

to 0.2, 0.3, 0.5, and 0.01, respectively.

H. Efficiency Analysis

We validate the efficiency of each method in three aspects:
the number of parameters (NoPs), computational complexity
(FLOPs), and time complexity (testing time). Table VI shows
the efficiency test results. Specifically, our method is second
to PanNet, LAGConv, ADKNet, RSANet, TANI, and CSTNet
in terms of NoPs, and second only to LAGConv, ADKNet,
RSANet, and TANI in terms of the amount of computation.
Furthermore, taking into account the significance of sharpening
performance, we affix model performance with three efficiency
aspects to provide a comprehensive assessment. Our method
exhibits the optimal performance in both R-Test and F-Test, as
shown in Fig. 15. In terms of performance vs. NoPs, the proposed

MMAPP achieves the best balance. In terms of performance vs.
computational complexity, our method still achieves the optimal
balance. In terms of performance vs. time, MMFN achieves
the best balance. In general, the proposed MMAPP achieves
the optimal balance between fusion performance, NoPs, and
computational volume, but performs slightly less well in terms
of test time. In practical applications, lower parameter counts
and computations can reduce the algorithm’s requirements on
hardware specifications, thereby achieving high-fidelity fusion
within a limited hardware environment. Furthermore, in practi-
cal scenarios, the image can be segmented and subsequently, a
pipeline for fusion processing can be constructed to minimize
the processing duration [51], [52]. As a result, we believe that
our methodology has potential in real-world fusion scenarios.

V. DISCUSSION

The design principles followed by existing DL methods in-
clude single-branch structure, dual-branch structure, and mul-
tiscale structure. These structures fail to adequately exploit the
scale disparities and heterogeneity between the diverse source
data, resulting in spatial or spectral distortions in the fused im-
ages. To alleviate this effect, we propose an efficient multibranch
pyramid structure for pansharpening, comprising PAN, MS, and
fusion branches. In addition, each branch contains a pyramid
structure that efficiently and seamlessly integrates data flows
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Fig. 16. Visualization of intermediate features in the proposed MMAPP.

at various scales across distinct branches. In the meantime, we
have developed three specialized AEIMs for each branch. These
AEIMs are specifically designed to cater to diverse sources and
distinct stages of the pansharpening process, enabling the ex-
traction and fusion of more advantageous information. Finally,
multiscale constraints are developed to obtain high-fidelity fused
images. The results of Section IV-D–IV-F demonstrate that the
proposed MMAPP is capable of achieving more realistic fusion
outcomes with fine-grained spatial texture and high-fidelity
spectral distribution. Section IV-G validates the efficacy of the
proposed methodology. Furthermore, the efficiency analysis
section shows that our method effectively restricts the model
parameters and computational complexity, which is attributed
to the highly cohesive design of the proposed fusion structure.
In addition, we visualize the intermediate features of the model.
An instance with images from the WV3 dataset is delivered,
as shown in Fig. 16. It is evident that the proposed MMAPP is
capable of efficiently and seamlessly integrating data flows at
various scales in distinct branches, while preserving the advan-
tageous information in the heterogeneous data. This allows for
high-fidelity fusion.

VI. CONCLUSION

In this article, we provide a detailed analysis of the scale
disparities and heterogeneity of the diverse source data. We pro-
pose a multibranch pyramid structure, which can build bridges
between diverse source images at various scales. It contains
three distinct branches, including the PAN, MS, and fusion
branches, which efficiently and seamlessly integrates the data

flow in distinct branches by means of the pyramid structure.
Furthermore, in order to preserve more advantageous informa-
tion, we have developed three AEIMs for each branch, namely,
the TSAM for the PAN branch, the SICM for the MS branch, and
the AFM for the fusion branch. These AEIMs are specifically
designed to cater to diverse sources and distinct stages of the
pansharpening process. The adaptive weights they generate can
be used to extract and fuse more advantageous information.
Ultimately, high-fidelity sharpening outcomes are obtained by
minimizing the reconstruction errors at various scales in distinct
branches. We conduct extensive ablation experiments and com-
parison experiments on three public datasets, and the qualitative
and quantitative results show that the proposed MMAPP can
achieve more realistic results. Furthermore, efficacy evaluations
further demonstrate that MMAPP has achieved the optimal
balance between fusion performance, model complexity, and
computational complexity. However, in terms of testing time,
the proposed method still exhibits significant room for im-
provement. In future article, we will further improve the fusion
performance and efficacy. Furthermore, we intend to enhance
the parallelization of our model, for instance, by parallelizing
the data flows at various scales in distinct branches, in order to
more efficiently reflect actual geographical characteristics and
establish a solid foundation for downstream tasks and real-world
applications.

DATA AVAILABILITY

Data link has been shared in the article. All codes will be
available at https://github.com/JUSTM0VE0N/MMAPP.

https://github.com/JUSTM0VE0N/MMAPP
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