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Abstract

Pansharpening aims to generate high-resolution multispec-
tral (MS) images by fusing panchromatic (PAN) images
with corresponding low-resolution MS images. However,
many existing methods struggle to fully capture spatial and
spectral interactions, limiting their effectiveness. To ad-
dress this, we propose a novel quaternion-based spatial-
spectral interaction network that enhances pansharpen-
ing by leveraging the compact representation capabilities
of quaternions for high-dimensional data. Our method
consists of three key components: the quaternion global
spectral interaction branch, the quaternion local spatial
structure awareness branch, and the quaternion spatial-
spectral interaction branch. The first applies the quater-
nion Fourier transform to convert multi-channel features
into the frequency domain as a whole, enabling global in-
Sformation interaction while preserving inter-channel de-
pendencies, which aids spectral fidelity. The second uses
a customized spatial quaternion representation, combined
with a window-shifting strategy, to maintain local spatial
dependencies while promoting spatial interactions, which
helps inject spatial details. The last integrates the two path-
ways within the quaternion framework to enrich spatial-
spectral interactions for richer representations. By uti-
lizing quaternion’s multi-dimensional representation and
parameter-sharing properties, our method achieves a more
compact and efficient cross-resolution, multi-band infor-
mation integration, significantly improving the quality of
the fused image. Extensive experiments validate the pro-
posed method’s effectiveness and its superior performance
over current SOTA techniques. The code is available at
https://github.com/dongli8/QuatPanNet.

1. Introduction

In remote sensing, satellite sensors face physical limita-
tions that prevent the direct acquisition of high-resolution
multispectral (MS) images [45]. Pansharpening addresses
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Figure 1. Comparison between standard real-valued layer and
quaternion-valued layer. The real-valued operation typically
stacks the input multi-channel features, while the quaternion-
valued layer, due to quaternion weight sharing, has the ability to
learn the latent relationships within the input features.

this by merging low-resolution multispectral (LRMS) im-
ages with panchromatic (PAN) images to produce high-
resolution multispectral (HRMS) images. As a crucial pre-
processing step, pansharpening is widely applied across
fields [38, 43]. Conceptually, it is a fusion super-resolution
task, focused on incorporating fine spatial details while pre-
serving spectral fidelity, requiring strong inter-channel de-
pendency maintenance and the preservation of subtle local
spatial structures.

Traditional methods often rely on mathematical models
that integrate spatial and spectral data, typically assuming
that the pansharpened image is a linear combination of vari-
ous spectral bands from a high-resolution multispectral im-
age [40]. However, these approaches are limited by their
dependence on prior knowledge, which restricts flexibility
and adaptability. With the rise of deep learning, convolu-
tional neural networks (CNNs) have been introduced into
pansharpening, leading to substantial breakthroughs in per-
formance with increased model complexity [1, 5, 9, 23].

Despite notable successes, existing methods still struggle
to capture the intricate spatial-spectral interactions essential
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for high-quality pansharpening. These limitations hinder
simultaneous feature interaction and inter-feature depen-
dency preservation, leading to compromises in both spectral
fidelity and spatial detail. Unlike conventional real-valued
networks, quaternion networks treat multidimensional fea-
tures as unified entities, allowing them to effectively en-
code internal dependencies [26, 27]. Additionally, quater-
nion networks demonstrate strong modeling capabilities for
both inter- and intra-correlations within the quaternion la-
tent space [3]. Thus, we aim to harness quaternion opera-
tions to further elevate pansharpening performance.

Our Motivation. PAN images provide high-resolution
spatial details, while MS images offer rich multispectral
information [11, 24]. A successful pansharpening model
must preserve both spatial details and spectral fidelity dur-
ing fusion. This requires capturing the unique features of
PAN and MS images while leveraging their complementary
information to produce accurate and comprehensive fused
outputs. Traditional approaches often handle multi-channel
inputs by stacking and mapping them to a single output
channel, which causes information loss. Consequently,
they struggle to capture inter-channel correlations and in-
teractions between spatial and spectral data effectively. To
compensate, some methods increase the number of output
channels to improve representational capacity [39], but this
also increases model complexity. Furthermore, these meth-
ods typically extract features in real-number space, lim-
iting their ability to capture directional information such
as edges and structures. In contrast, quaternions repre-
sent multiple spectral channels as distinct components of
a compact quaternion representation, as shown in Figure 1.
This approach integrates multi-band information efficiently
while reducing information loss through parameter-sharing
quaternion operations. These features make quaternions
particularly well-suited for pansharpening tasks that involve
multi-source data inputs.

Based on the analysis above, we propose a novel
quaternion-based pansharpening framework called Quat-
PanNet. QuatPanNet is designed to balance spectral fidelity
and spatial detail richness by leveraging quaternion-based
representations and operations to enhance interactions
among multispectral, spatial structure, and spatial-spectral
features. The framework consists of three core compo-
nents, i.e., Quaternion Global Spectral Interaction Branch,
Quaternion Local Spatial Structure Awareness Branch, and
Quaternion Spatial-Spectral Interaction Branch. The first
one uses the Quaternion Fourier Transform (QFT) to pro-
cess multi-channel features holistically in the frequency
domain. By enabling global interactions while preserv-
ing inter-channel dependencies, it effectively extracts global
spectral representations, which are critical for maintaining
spectral fidelity. The second one employs a customized
spatial quaternion transformation method and a window-

shifting strategy, this branch focuses on preserving local
structural dependencies and enhancing spatial interactions.
It ensures that spatial details are well-integrated while main-
taining the structural integrity of the input data. The last
one, which built on the outputs of the first two branches,
integrates dual-path features into a unified quaternion rep-
resentation. This integration enhances the complementarity
and coherence of information during the spatial-spectral fu-
sion process. By utilizing the compact and efficient repre-
sentation of PAN and MS image data in quaternion space,
QuatPanNet facilitates effective interactions among spatial
and spectral features. This approach reduces parameter
complexity while achieving high spectral fidelity and rich
spatial resolution, leading to superior fusion quality. In
summary, the contributions of this work are as follows:

e We propose a novel quaternion-based pansharpening
framework, QuatPanNet, designed to comprehensively
harness quaternions for this task.

* We design customized quaternion-based spatial and spec-
tral interaction modules for pansharpening. The former
facilitates global information interaction while preserv-
ing inter-spectral dependencies, and the latter promotes
spatial interaction while maintaining local structural de-
pendencies.

* We introduce a quaternion-based spatial-spectral interac-
tion branch, leveraging the high-dimensional representa-
tional power of quaternions to improve the fusion of spec-
tral and spatial features.

Extensive experiments on multiple satellite datasets demon-
strate that our method achieves superior qualitative and
quantitative results with fewer parameters and effectively
generalizes to full-resolution scenes.

2. Related Works
2.1. Pansharpening

Existing pansharpening methods are divided into traditional
ones and deep - learning - based ones. Traditional ones
mainly consist of Component Substitution (CS) [31, 34],
Multi - Resolution Analysis (MRA) [25, 29, 35], and Varia-
tional Optimization (VO) [8, 15, 21]. However, their heavy
dependence on manually designed features and prior knowl-
edge restricts their applicability [37]. PNN [23] is the first
to introduce CNN into the field of pansharpening, achiev-
ing better results than traditional methods. Since then, deep
learning-based approaches have dominated this field. MS-
DCNN [42] combines multi-scale feature extraction and
residual learning, enhancing the quality of the fused images.
INNformer [47], based on the Transformer architecture, in-
tegrates an invertible neural network module for lossless in-
formation to model long-range dependencies and efficient
feature fusion, successfully introducing the Transformer ar-
chitecture into this domain. The fusion of frequency do-
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main features in images is also a key focus for researchers
[36, 48]. For instance, FAME-Net [16] proposes a method
that combines MOE with frequency domain information,
enabling the network to dynamically learn high-frequency
information in remote sensing images. HFIN [33] explores
the relationship between PAN and LRMS images using lo-
cal Fourier information integration. In addition to designing
pansharpening models, Zhu et al. developed the first up-
sampling module specifically for pansharpening methods,
called PGCU [52].

2.2. Quaternion

Quaternions are the natural extension of complex num-
bers to four dimensions, proposed by Hamilton in 1843
[13]. A quaternion consists of four components, includ-
ing one real part and three imaginary parts. Quaternions,
with their four components, are particularly well-suited for
three-dimensional and four-dimensional feature vectors, as
seen in applications such as image processing and robotic
kinematics [2, 30]. In 2001, Pei et al. [28] introduced
the quaternion model for color images, marking the begin-
ning of quaternion applications in the field of image pro-
cessing. The advantages of quaternion wavelet transforms
[18], quaternion principal component analysis [44], and
other quaternion-based color image processing techniques
[41] have been demonstrated to extract more representative
features for color images. These techniques have achieved
promising results in advanced visual tasks such as color im-
age classification. With the wave of deep learning, many
researchers have begun to explore the application of quater-
nions in the field of deep learning [10, 26]. Xu ef al. [51]
proposes QCNN, which combines quaternions with CNNs,
achieving faster convergence of the loss function while pre-
serving color information more effectively than real-valued
CNNs. Kusamichi et al. [19] studies color night vision and
finds that using quaternion networks yields better results in
extracting color information from dim images.

3. Method

In this section, we first introduce the relevant properties
of quaternions and their operators, and then present the
proposed quaternion pan-sharpening network, as shown in
Figures 2 and 3. We then provide a detailed explana-
tion of the fundamental components of our method, in-
cluding three quaternion-based branches: a) the global in-
teraction branch utilizes the Quaternion Fourier Transform
and quaternion convolution to maintain channel interdepe-
nendies while representing global information; b) the lo-
cal structure-aware branch models local spatial dependen-
cies through a specially designed spatial quaternion trans-
formation method combined with a window-shifting strat-
egy; and c) the dual-domain interaction branch leverages the
orthogonal relationships inherent in quaternions to model

dual-domain correlations and promote complementary fea-
ture learning. Finally, we present the optimization strategy
employed in our approach.

3.1. Quaternion Operators

Quaternion, proposed by Hamilton in 1843, extends com-
plex numbers to a four-dimensional space. A quaternion
@ € H can be expressed as follows [32]:

Q=wl+xi+yj+ zk, (D)

where w, x, y, z are all real numbers, and 1, ¢, j, k are the
quaternion unit basis. w1 refers to the real component of the
number, and x7 4+ yj + zk to the imaginary component. In
the definition of quaternions, they must satisfy the following
identities, known as the Hamilton rules:

i? =42 =k? =ijk = —1. )

We propose the use of quaternions and their associated op-
erators to uncover both intra- and inter-relations between
the features of high spatial resolution PAN and MS images.
This approach is inspired by the unique feature-handling ca-
pabilities inherent in quaternion representation [3]. Conse-
quently, we introduce two quaternion operators: quaternion
convolution and the quaternion Fourier transform.

Quaternion Convolution

In the real-valued space, convolution involves convolv-
ing a filter matrix with a vector. Extending this operation
to quaternions, quaternion convolution is achieved by con-
volving a quaternion filter matrix with a quaternion vec-
tor. To maintain consistency with the defined quaternions,
we represent the computation of quaternion convolution us-
ing real-valued matrices. This computation is performed by
convolving the quaternion filter matrix W = A+ Bi+Cj+
Dk with the quaternion vector ) = w+xi+yj+ zk, where
A, B, C, and D are real-valued matrices. The convolution
operation between W and () is denoted as:

WxQ=(Axw—-—Bxx—Cxy—Dxz)+
i(Axz+Bxw+Cxz—Dxy)+ 3)
J(Axy—Bxz+Cxw+ D=xx)+
KAsz+Bsy—Cxx+Dx*w).

It can be seen that the result of quaternion convolution pro-
duces a unique linear combination of each coordinate axis
for every single-axis result. This stems from the structure
of quaternion multiplication and enforces interactions be-
tween each axis of the kernel and each axis of the image.
This contrasts with real-valued convolution, which simply
multiplies each channel of the kernel with the correspond-
ing channel of the image. The advantage of this approach
is that quaternion convolution promotes cross-axis interac-
tions and information extraction through the reuse of filters
across each axis and combination [27].

10910



» CNN —>
. QGSI QSSIB
E—> = —
ol </ 5 E =
% * G AEEN )
_. = Q (=4 l
1 £ 3 54 = QssI o
— = s ==
£ [z 7]
“l:- B =
g © o
=
! B . @ g frx
O ¥ ..6_. o= G
L A B
QLSA »

eee —m0 3 CNN
o QGSI QSSIB
i :
S = =
R —p G —p =
= Q o I
m 2 54 = QSsI
_>E—> = =
- 4 = 5]
o o o f/) s Z
8 "8
3 &
£ ))
=
! HE .
)_.;..6_. .
W °

@-=
L]

QCNN

¢ :| -

QLSA

QGsI

Quaternion Global Spectral Interaction branch

QSSIB  Quaternion Spatial-Spectral interaction block QSSI

QLSA  Quaternion Local Spatial Structure Awareness branch

Quaternion Spatial-Spectral Interaction branch

QFT Quaternion Fourier Transform IQFT = Inverse Quaternion Fourier Transform

QCNN  Quaternion Convolutional Neural Network Interaction Feature Interaction

Figure 2. The framework of our proposed pan-sharpening network QuatPanNet. It consists of several Quaternion Spatial-Spectral Interac-
tion Blocks (QSSIB). The Quaternion Spatial-Spectral Interaction Block is shown in Figure 3.

Quaternion Fourier Transform

The Fourier Transform plays a crucial role in various im-
age processing tasks, including pansharpening [50]. After
decomposing the input image into multiple channels, the
Discrete Fourier Transform (DFT) can be applied to each
channel individually. However, this approach neglects the
mutual information among different channels, which can
hinder the performance of pansharpening. The Discrete
Quaternion Fourier Transform (DQFT) offers the possibil-
ity of simultaneously transforming multi-channel images,
as it can transform quaternions holistically [4].

Due to the non-commutative nature of quaternion mul-
tiplication, there are various types of Quaternion Fourier
Transforms (QFT), such as left-side, right-side and two-side
QFT [6]. In this paper, we utilize a typical QFT, specifically
the left-sided QFT. For an image f of size H x W, the Dis-
crete Quaternion Fourier Transform is defined as follows.

F(f)(u,v)

1W—
Z e et i) f(z,y),
" @)

where f(z,y) is pixel of f and /i is unit pure quaternion.
(u, v) is the coordinate in the quaternion frequency domain.
F~Y f ) defines the inverse quaternion Fourier transform
accordingly. Inspired by the traditional Fourier transform,
the modulus of F(f)(u, v) is taken as the amplitude compo-
nent, and the angles with the three imaginary axes are taken
as the phase components.

It is worth noting that the QFT is not a simple substitu-
tion of the imaginary unit in the two-dimensional Fourier
Transform with quaternions; rather, its basis functions pos-
sess orthogonal imaginary components, which preserve the

||F1m

information and mutual relationships among different com-
ponents in the frequency domain. Consequently, some stud-
ies leverage QFT to treat multiple features as a unified
whole to enhance performance [4, 46]. Furthermore, the
efficiency of QFT is also noteworthy. For example, when
comparing the use of QFT with three separate conventional
Fourier Transforms for processing color images, the num-
ber of real multiplications and additions required by QFT
is approximately 75% of that needed for the three separate
transforms [30]. For pansharpening, we propose utilizing
the QFT to treat multispectral data as a unified whole, fa-
cilitating global information interactions in the frequency
domain while preserving inter-channel dependencies.

3.2. Framework

Based on the above analysis, we propose a novel pansharp-
ening approach based on quaternion information interac-
tion, as illustrated in Figure 2. Given a panchromatic (PAN)
image P € RH>XW>1 and a low-resolution multispectral
(LRMS) image L € RH/mW/rxC the network first uses
convolution to project the bicubic upsampled r-times L into
a shallow feature representation. Simultaneously, P is pro-
cessed through multiple cascaded convolution layers to ex-
tract effective information for high-resolution multispectral
(HRMS) reconstruction. Then, the features of the PAN
and LRMS images are jointly processed through the core
building module, the quaternion spatial-spectral interaction
block (QSSIB), for continuous global information interac-
tion and local structure-aware integration. Next, a convolu-
tion layer transforms all features gathered by the N QSSIBs
back into the image space, and finally, these features are
combined with the residual to obtain the final output.
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Figure 3. The detailed flowchart of the proposed core building module quaternion spatial-spectral interaction block (QSSIB), consisting of
three components: quaternion global spectral interaction branch (QGSI), quaternion local spatial structure awareness branch (QLSA) and

quaternion spatial-spectral interaction branch (QSSI).
3.3. Key Building Components

As shown in Figure 3, the fundamental building block of
our method comprises three key elements: the quaternion
global spectral interaction branch (QGSI), the quaternion
local spatial structure awareness branch (QLSA), and the
quaternion spatial-spectral interaction branch (QSSI). To
convert images into quaternion representations, we design
customized methods, including channel quaternion repre-
sentation (CQR), spatial quaternion representation (SQR),
and shifted window quaternion representation (SWQR).
When transforming quaternion representations back into
image features, we denote the corresponding inverse opera-
tions as ICQR, ISQR, and ISWQR, respectively. (For more
details on quaternion representation, refer to the supplemen-
tary material.) These three key components, in conjunction
with the quaternion representations of the images, jointly fa-
cilitate channel interactions during multispectral fusion and
local interactions for spatial resolution enhancement.

Quaternion Global Spectral Interaction

The global interaction branch utilizes the Quaternion
Fourier Transform (QFT) to transform multi-channel fea-
tures as a whole into the frequency domain, facilitating
global information interactions. Since the input to QFT
must be in quaternion form and we aim to maintain inter-
channel interdependencies, we design a channel quaternion
representation (CQR). This approach divides the image fea-
tures equally along the channel dimension into four parts,
which are then used as the four components of a quaternion.
Let the features of the MS and PAN images be denoted
as F,,s and F),, respectively; their channel-dimensional
quaternion representations are denoted as Q7 and Q. We

then use QFT to transform the MS and PAN features into the
frequency domain. Some studies on image restoration indi-
cate that decomposing amplitude and phase components fa-
cilitates the decoupling of degradation [17, 50]. Therefore,
we decompose the frequency domain features into ampli-
tude and phase components, with the corresponding process
represented as

A(Q}), P1(Qy), P2(Qy), P3(Qy) = F(Qy), (5)
"4( sns)’P1< %15)’7)2( 10715)7P3( fns)z]:( 218)’ (6)

where A(-) represents the amplitude, and Py(-) , Pa(+),
and Ps(-) represent the phases corresponding to the three
imaginary axes. We then concatenate the amplitude and
phase spectra of the PAN and MS images accordingly to
form new quaternions. Next, we process the newly formed
quaternions using quaternion convolution, thereby enhanc-
ing global representations in the frequency domain while
promoting interactions between channels.

Q% = 09(C [A(QS), A(Q5,0)] ,C [P1(Q5), Pr(Q5,4)]

,C [PQ(Q;)7P2( fns)] ,C [7)3(62;)7733( fns)])
(M

where C denotes concatenation along the channel dimen-
sion, OQ is quaternion convolution. The fused amplitude
and phase components are the transformed back to the spa-
tial domain using the inverse discrete quaternion Fourier
transform.
Qfre = F1(QF). ®)
By representing the image in a channel-dimensional
quaternion form, the quaternion operator treats the multi-
channel data as a unified whole for information interaction.
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Additionally, according to spectral convolution theorem [7],
processing information in the Fourier space enables cap-
turing global frequency representations. In summary, this
branch generates the global information representation with
strengthened channel interactions Q...

Quaternion Local Spatial Structure Awareness

Pansharpening is essentially a fusion-based super-
resolution task, making the injection of spatial resolution
critically important. Enhancing spatial resolution requires
not only global information from the frequency domain but
also local information interactions in the spatial domain.
For pansharpening, preserving local structures during infor-
mation interactions is particularly significant, as it enhances
the network’s ability to recover fine details.

We aim to leverage the balance of enhanced informa-
tion interaction and specific information preservation of-
fered by quaternions to improve the network’s spatial super-
resolution capabilities. To this end, we design the spatial
quaternion representation (SQR). It divides the image into
several 2 x 2 windows in the spatial dimension, with each
local window’s four pixels serving as the four components
of a quaternion, as illustrated in Figure 3. This approach ex-
plicitly ensures dependencies among local pixels, preserv-
ing the local structure. Based on this representation, we use
quaternion convolutions (QCNN) to process the features.

However, this representation method lacks cross-
window connections, which limits spatial interactions. In-
spired by [22], we design the shifted window quaternion
representation (SWQR) based on SQR. This allows the
network to alternately employ two partitioning configura-
tions, thereby enhancing the effectiveness of spatial quater-
nion representation. Through the combined effect of this
method and quaternion convolution, this branch preserves
local spatial dependencies while promoting spatial interac-
tions, thereby obtaining the local representation (5, ,-

The information representations of the two branches are
highly complementary, with one branch responsible for
global, frequency-domain, and channel interactions, and the
other focused on local, spatial-domain, and spatial inter-
actions. Therefore, further interaction and integration be-
tween them facilitate mutual compensation.

Quaternion Spatial-Spectral Interaction

The two branches described above respectively ob-
tain quaternion representations in the channel dimension,

?,.e € HH*WxC/4 and in the spatial dimension, Qgpa €
HH/2xW/2xC " The quaternion dual-domain information
interaction branch mainly consists of two parts: one is
a quaternion-based global fusion, and the other is the
channel-aware quaternion spatial feature injection.

Quaternion-based global fusion merges the features ob-
tained from the two branches into a single quaternion for
unified processing, thereby enhancing the correlation be-
tween the two through the structure of the quaternion. First,

both @, and Q5 are converted back into image feature

representations. ()%, is combined along the channel di-
mension to obtain Fy,. € RIXWXC “and Q3

spa
ranged spatially to obtain F,, € REXWX*C T achieve
a richer feature representation, we apply convolutions to
Ffre and Fyp, to obtain Ff  and F,,, respectively. We
then combine these four features into a quaternion @)y =
Fpre + Fopai + F}Tej + F¢,.k . We use quaternion con-
volution to process @y € HT*WXC a5 a whole, producing
Qa c HH><W><C/4.

Channel-aware quaternion spatial feature injection in-
volves injecting spatial features Fj,, from the local
structure-aware branch into the four components of the
quaternion representation (%, in the channel dimension,
thereby facilitating information fusion in both spatial and
channel domains. Specifically, we replicate the image fea-
ture FY,, four times and concatenate each copy with one
of the four components of the quaternion feature (), to

obtain Q; € HH*Wx5C/4.
Qi =C [Q?ry (Fspa + Fspai + Fspaj + Fspakﬂ )

We then feed (); into quaternion convolution to obtain
Q, € HH*WxC/4 - Afterward, we concatenate @, and Qy,
and apply quaternion convolution for further fusion to ob-
tain Qout c HHXWXC/AL.

Qout = QCOHV(C [Qav Qb]); (10)

where QConv denotes quaternion convolution. We then
convert @),,,; into the image feature representation F,,; €
RHXWXC " Finally, a residual learning mechanism is ap-
plied, adding the input feature F),; to the fused feature.
The proposed network achieves effective fusion through the
seamless integration of the two quaternion representations.

is rear-

3.4. Optimization

Let Y and GT denote the network’s output and the corre-
sponding ground truth, respectively. We use a joint spatial-
frequency domain loss to supervise the network training. In
the frequency domain, we first apply the quaternion Fourier
transform to convert Y and GT into the quaternion Fourier
space. Then, we compute the L1 norm of the real and imag-
inary differences between Y and G'T', and sum them to ob-
tain the quaternion Fourier domain loss.

Lire = [|R(Y) = R(GT) ||, + [ 1Y) = I(GT)]|,
+IJY) = (G| + [KEY) = K(GT)],
where R(-), I(-), J(-), and K (-) represent the real part and
three imaginary parts of the quaternion respectively. In the

spatial domain, we employ the L1 loss. Finally, the overall
loss function is as follows

L=Y —-GT|;+ ALtre, (12)

Y

where ) is the weighting factor and set to 0.1 empirically.
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Figure 4. The visual comparisons between other pan-sharpening methods and our method on WorldView-1I satellite

Table 1. Experimental results of all the competing methods on the three benchmark datasets. The best and the second best values are
highlighted in bold and underline, respectively.

WorldView II WorldView III GaoFen2
Methods Params (M)
PSNRT SSIMT SAM| ERGAS| | PSNRT SSIMT SAM| ERGAS| | PSNRT SSIMT SAM| ERGAS|

Brovey - 358646 0.9216  0.0403 1.8238 22.5060 0.5466  0.1159 8.2331 37.7974  0.9026  0.0218 1.3720
THS - 352962 0.9027  0.0461 2.0278 22.5579 0.5354  0.1266 8.3616 38.1754 0.9100 0.0243 1.5336
GS - 35.6376 09176  0.0423 1.8774 22.5608 0.5470 0.1217 8.2433 37.2260 0.9034  0.0309 1.6736
PNN 0.0689 40.7550  0.9624  0.0259 1.0646 29.9418 09121 0.0824 3.3206 43.1208 0.9704 0.0172 0.8528
MSDCNN 0.2390 41.3355  0.9664 0.0242 0.994 30.3038 0.9184  0.0782 3.1884 45.6874  0.9827 0.0135 0.6389
GPPNN 0.1198 41.1622 0.9684  0.0244 1.0315 30.1785 0.9175 0.0776 3.2593 442145 09815 0.0137 0.7361
MutNet 0.0714 41.6773 09705 0.0224 0.9519 30.4907 0.9223  0.0749 3.1125 47.3042  0.9892 0.0102 0.5481
INNformer 0.0706 41.6903  0.9704  0.0227 0.9514 30.5365 0.9225 0.0747 3.0997 47.3528 0.9893  0.0102 0.5479
HFIN 0.0772 42.2319 09714 0.0215  0.8807 30.6147 0.9203 0.0742 3.0786 48.8783  0.9898  0.0093 0.4591
FAME-Net 0.1408 42.0262  0.9723  0.0215 0.9172 30.9903 0.9287  0.0697 2.9531 47.6721  0.9898  0.0098 0.5242
Ours 0.0387 42.4846 0.9738  0.0208 0.8554 31.1766  0.9332  0.0521 2.5761 49.1423 09901  0.0090 0.4474

4. Experiments ods such as GS [20], Brovey [12], and THS [14].

4.1. Dataset and benchmarks

We conduct our experiments on three classic datasets.
WorldView-II (WV2), Gaofen2 (GF2) and WorldView-III
(WV3). The WorldView-II dataset consists of 760 im-
age pairs for training and 80 image pairs for testing. The

In our experiments, all deep learning models are imple-
mented using PyTorch and trained on an NVIDIA GeForce
GTX 3090 GPU. For each set, the multispectral (MS) im-

WorldView-III dataset includes 2150 image pairs for train-
ing and 200 image pairs for testing. The GaoFen-2 dataset
comprises 2712 image pairs for training and 200 image
pairs for testing. To validate the effectiveness of our ap-
proach, we compare it with several state-of-the-art pan-
sharpening methods, including PNN [23], MSDCNN [42],
GPPNN [39], MutNet [49], INNformer [47], HFIN [33] and
FAME-Net [16], as well as traditional pansharpening meth-

ages are cropped into patches with the size of 32x32, and
the corresponding panchromatic (PAN) images are of size
128%128. We employ common evaluation metrics, includ-
ing PSNR, SSIM, SAM, and ERGAS. Additionally, we uti-
lize three widely-used no-reference IQA metrics for real-
world full-resolution scenes: Dy,Dg and QNR. More de-
scriptions of the implementation details and dataset are pro-
vided in the supplementary material.
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Table 2. Non-reference metrics on full-resolution dataset.

PNN  MSDCNN GPPNN INNformer MutNet HFIN FAME-Net Ours
Dy | | 0.0746 0.0734 0.0782 0.0697 0.0694  0.0710 0.0674 0.0566
Dyl | 0.1164 0.1151 0.1253 0.1128 0.1118  0.1098 0.1121 0.1055

QNR 1 | 0.8191 0.8215 0.8073 0.8253 0.8247  0.8261 0.8291 0.8447

4.2. Comparison with state-of-the-art methods

Evaluation on reduced-resolution scene. To evaluate the
effectiveness of our method, we conducted experiments on
three datasets and compared it with ten other state-of-the-
art pansharpening methods. Table | summarizes the eval-
uation metrics for the three datasets, where the best result
for each metric is highlighted in red and the second-best
result in blue. The results demonstrate that our method sig-
nificantly outperforms the others across all evaluation met-
rics, achieving the best performance on all three datasets.
Compared to the second-best method in terms of PSNR for
each dataset, our method shows an improvement of 0.25 dB
on the WV2 dataset, 0.18 dB on the GF2 dataset, and 0.27
dB on the WV3 dataset, indicating the consistency of our
method with the true high-resolution images. We also con-
ducted qualitative experiments, Figures 4 present samples
from the WV2 datasets. The top two rows show the com-
parison of experimental results, while the last row displays
the mean squared error maps of each network’s results com-
pared to the ground truth. It is evident that the results ob-
tained by our network are closest to the ground truth, with
the smallest discrepancies.

Evaluation on full-resolution scene. We also conduct
full-resolution analysis in real-world scenarios to validate
the generalization capability of our method. We perform
experiments on an additional 200 sets of the GF2 dataset.
Due to the absence of high-resolution multispectral images
for actual real-world scenarios, we employ three commonly
used no-reference metrics, Dy, Dg, and QNR for evalua-
tion. The experimental results, as shown in Table 2, demon-
strate that our method achieves the best performance across
all three metrics.

Table 3. The results of different configurations on WorldViewll.
The best and the second best values are highlighted in bold and
underline, respectively.

Configuration | QGSI QLSA QSSI | PSNR{ SSIM| SAM| ERGAS |
i 417356 09673  0.0247  0.9337
it 42,0217 09706  0.0219 09134
il 421734 09713 00221  0.9012
Ours 424846 0.9738  0.0208  0.8554

X
XY

NXSNN

4.3. Ablation Experiments

We perform an ablation study using the WorldView-II
dataset to further demonstrate the effectiveness of our
method. The quaternion global spectral interaction branch
(QGSI), quaternion local spatial structure awareness branch

Table 4. PSNR values of Our model with different number of
blocks on WorldViewll. The best and the second best values are
highlighted in bold and underline, respectively.

Stages (K) | PSNR+ SSIM{T SAM| ERGAS |
1 41.8378 09603 0.0249  0.9879
2 41.9002 09647 0.0238  0.9725
3 42.0913 09698 0.0234  0.9578
4 422369 0.9724 0.0215  0.9007
5 42.4846  0.9738  0.0208  0.8554

(QLSA), and quaternion spatial-spectral interaction branch
(QSSI) are the core components of the proposed method,
and we conduct separate ablations for each. Additionally,
we also explore the impact of the number of basic building
blocks used in the network through ablation studies.

To validate the effectiveness of the three key quater-
nion components, QGSI, QLSA, and QSSI, we replace their
quaternion operations with real-valued operations, as shown
in Table 3. The results demonstrate that removing each
quaternion component leads to a decline in performance,
thus confirming the effectiveness of the quaternion’s multi-
dimensional representation and parameter-sharing mecha-
nism for pansharpening.

We conduct experiments on networks with varying num-
bers of core building blocks to evaluate the impact of the
number of core modules, as shown in Table 4. As observed,
the model performance improves with the increase in the
number of Quaternion Spatial-Spectral Interaction Blocks
(QSSIB), though this comes at the cost of increased re-
source consumption. We balance performance and resource
consumption by using the default setting of 5. More abla-
tion experiments are shown in the supplementary materials.

5. Conclusion

In this paper, we propose QuatPanNet, a novel quaternion-
based spatial-spectral interaction network that enhances
pansharpening by leveraging quaternions’ compact repre-
sentation for high-dimensional data. Our work demon-
strates the advantages of a unified quaternion framework
for effectively addressing the pansharpening problem. We
custom-design quaternion-based spectral and spatial inter-
action modules: the former promotes global information
interaction while preserving spectral dependencies, and the
latter fosters spatial interaction while maintaining local
structural dependencies. Building on these, we integrate
the dual-path features into a unified quaternion representa-
tion. By utilizing the compact and efficient representation
of PAN and MS image data in the quaternion space, Quat-
PanNet facilitates effective interactions between spatial and
spectral features. Our method achieves exceptional fusion
quality with a reduced number of parameters.
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