





Figure 2. The framework of the Pyramid Dual Domain Injection Network. It consists of three key components: Feature Extraction Pyramid,

Frequency Injection Pyramid and Spatial Injection Pyramid.

an optimization problem, design the loss function under a
prior constraints, and then generate results by iterative so-
lution and minimization of the loss function. The Bayesian
technique [5] and the total variation algorithm [18] are com-
mon approaches in VO methods. The VO method can de-
liver decent results, but designing the optimization model
and choosing the loss function is a significant challenge.

2.2. CNN-based pan-sharpening method

In recent years, the dominant approach in this area has
been the CNN-based pan-sharpening method. PNN [16],
which is inspired by SRCNN [4], is the pioneering work
that introduced CNN to this field, giving rise to an un-
precedented number of novel CNN-based techniques [27,
29, 7, 32, 33]. Despite having a clear and simple network
structure, the results of PNN outperformed traditional tech-
niques, demonstrating the promising potential of CNN tech-
niques. Following that, Pannet [30] employs residual con-
nection and high-frequency filtering to learn high-frequency
features of images, while multi-scale convolution is taken
into account in MSDCNN [31] to handle the varied re-
mote sensing landforms. The model-driven models such as
GPPNN [25], MMNet [28] and ARFNet [26] achieve inter-
pretable models by utilizing deep unfolding techniques to
construct the network structure. Additionally, SRPPNN [2]
uses the progress super resolution method to enhance the
performance of model and construct a profoundly deep net-
work. Recently, MutNet [33] utilizes a mutual informa-
tion mechanism to learn a more effective feature representa-
tion. The study of these techniques has also been expanded
to include generative networks [13] and unsupervised pan-
sharpening [21] technologies.

3. Methods

In this part, we first discuss the pertinent Fourier trans-
form properties before delving into further details about
our network shown in Figure 2, 3 and 4. It is organized
into three parts: the Feature Extraction Pyramid, which ex-
tracts the multi-scale features from PAN images; the Fre-
guency Injection Pyramid, which incorporates multi-scale
frequency features from PAN into LRMS images for global
and high-frequency information restoration; and the Spatial
Injection Pyramid, which introduces the multi-scale spatial
information from PAN into LRMS images to reconstruct lo-
cal details. Finally, we will describe our loss function.

3.1. Fourier transform of images

Due to its capacity to decompose signals into their
frequency components, the Fourier transform is widely
adapted in the image processing community. This transfor-
mation makes it possible to analyze the image from a differ-
ent perspective and offers valuable insights into its features.
The Fourier transform of an input image = 2 R" * can be
defined as follows:
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In our work, the Fourier transform is individually applied to
each image channel. The amplitude and phase components
can be described as follows:
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