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ABSTRACT

Global and local modeling is essential for image super-resolution tasks. However, current
efforts often lack explicit consideration of the cross-scale knowledge in large-scale earth
observation scenarios, resulting in suboptimal single-scale representations in global and
local modeling. The key motivation of this work is inspired by two observations: 1) There exists
hierarchical features at the local and global regions in remote sensing images, and 2) they
exhibit scale variation of similar ground objects (e.g. cross-scale similarity). In light of these, this
paper presents an effective method to grasp the global and local image hierarchies by system-
atically exploring the cross-scale correlation. Specifically, we developed a Cross-scale Self-
Attention (CSA) to model the global features, which introduces an auxiliary token space to
calculate cross-scale self-attention matrices, thus exploring global dependency from diverse
token scales. To extract the cross-scale localities, a Cross-scale Channel Attention (CCA) is
devised, where multi-scale features are explored and progressively incorporated into an
enriched feature. Moreover, by hierarchically deploying CSA and CCA into transformer groups,
the proposed Cross-scale Hierarchical Transformer (CHT) can effectively explore cross-scale
representations in remote sensing images, leading to a favorable reconstruction performance.
Comprehensive experiments and analysis on four remote sensing datasets have demonstrated
the superiority of CHT in both simulated and real-world remote sensing scenes. In particular,
our CHT outperforms the state-of-the-art approach (TransENet) in terms of PSNR by 0.11 dB on
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average, but only accounts for 54.8% of its parameters.

1. Introduction

High spatial resolution remote sensing imagery plays
an indispensable role in various earth observation
tasks (Deren et al. 2023; Wang et al. 2022b), such as
land-cover classification (Li et al. 2023; Xu et al. 2022),
object detection (Yu et al. 2021) and change detection
(Bai et al. 2022; Chen, Yokoya, and Chini 2023; Chen
et al. 2022, 2023a; Han et al. 2023). Recent advance-
ments in aerospace sensors have brought impressive
capability in acquiring high-resolution imagery, pro-
viding massive high-quality data for the research com-
munity and significantly advancing downstream
applications. However, limited by the intrinsic resolu-
tion and complex imaging environment, remote sen-
sing images captured from the aerial platforms can
merely reflect partial spatial details, resulting in
a suboptimal scene representation.

A straightforward solution to alleviate this issue is
improving the imaging resolution of satellite sensors.
Nevertheless, it is obviously time-consuming and une-
conomic. Fortunately, Super-Resolution (SR) techni-
ques (He et al. 2023a, 2023b; Liu et al. 2023; Ma et al.
2023; Xiao et al. 2023), which algorithmically recover

High-Resolution (HR) images from Low-Resolution
(LR) observations, provide a practical alternative.
Given an LR observation, SR aims to restore the latent
HR counterpart. As the HR solution space is infinite,
SR is inherently an ill-posed issue (Zhang et al. 2022b).
Broadly, SR can be categorized into two types: tradi-
tional and  deep-learning-based approaches.
Traditional methods often employ interpolation
(Freeman, Jones, and Pasztor 2002; Zhou, Yang, and
Liao 2012) interpolation or rely on hand-crafted prior
knowledge (Timofte, De Smet, and Van Gool 2013;
Zhang et al. 2023) to compact the solution space.
However, these methods have limited universality
and suffer from high computational complexity.
Subsequently, owing to the non-linear representation
capability of Convolutional Neural Networks (CNNs)
(Fernandez-Beltran, Latorre-Carmona, and Pla 2017;
Xiao et al. 2022; Miao et al. 2022a, 2023; Jiang et al.
2021; He et al. 2021; Yu et al. 2023; Zhou, Li, et al.
2023a; Zhou, Liu, et al. 2023b), more latent priors can
be explored by CNNs to tame the ill-posedness.
Notable efforts include deep (Kim, Kwon Lee, and
Mu Lee 2016) and wide (Lim et al. 2017) architectures,
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dense models (Jiang et al. 2020; Zhang et al. 2018b)
and attention-based approaches (Mei, Fan, and Zhou
2021; Niu et al. 2020). However, few efforts have been
made to enhance the representation of cross-scale
correlations in remote sensing scenes, as they are
mainly developed for natural images.

Recently, a cross-scale exploration network (Lei
and Shi 2022) was proposed to grasp the cross-scale
similarity in remote sensing imagery. Despite achiev-
ing favorable performance, the CNN-based
approaches are still less capable of modeling the long-
range properties, thus reaching a plateau of perfor-
mance. Drawing upon the success of Transformer (Ma
et al. 2022), the transformer-based SR methods (Chen
et al. 2023b; Lei and Shi 2022; Xiao et al. 2022b) have
demonstrated comparable, and even superior perfor-
mance against CNN-based models. Owing to the glo-
bal modeling strength of self-attention (Pei et al. 2023;
Peng et al. 2023; Xiao et al. 2023c¢), the transformer
naturally excels in exploring global dependencies,
which is beneficial for SR tasks. More recently,
a multi-stage transformer-enhanced network (Lei,
Shi, and Wenjing 2022) was developed for remote
sensing image SR. Nevertheless, these methods have
overlooked the cross-scale characteristics present in
remote sensing images, failing to adequately consider
these valuable priors.

More precisely, compared to natural images,
remote sensing images have some unique properties.
Firstly, in large-scale observation scenes, hierarchical
cross-scale priors exist at both local and global ranges.
This can be intuitively illustrated in Figure 1. To
capture local features such as edges and colors, con-
volution layers with single-scale (e.g., 3 x 3) designs

(c) Image 11745 from DIOR

(a) Image P1129 from DOTA v1.0

Figure 1. Remote sensing images present a hierarchy of fea-
tures in local and global ranges. The cross-scale local (green
boxes), e.g., edges and colors, and global (red boxes) features,
e.g., cross-scale self-similarity, cannot be fully explored by
single-scale CNNs and transformer.

are commonly employed. However, this single-scale
approach only captures partial representations, lead-
ing to suboptimal exploration of cross-scale localities
(green boxes in Figure 1). On the other hand, although
transformers could extract global dependency with
self-attention, they fail to consider the cross-scale glo-
bal similarity (red boxes in Figure 1). This limitation
arises because the scale of the feature space used for
self-attention calculations is often fixed. For instance,
the self-attention matrix is typically computed by mea-
suring the similarity between query-key pairs at the
same scale, lacking flexibility in estimating cross-scale
self-attention.

To mitigate the aforementioned challenges, this
paper proposes an effective Cross-scale Hierarchical
Transformer (CHT) to systematically model the
local and global cross-scale features in remote sen-
sing images. Specifically, instead of directly comput-
ing the self-attention matrix from query-key pairs,
we proposed a Cross-scale Self-Attention (CSA)
module to implicitly model the cross-scale global
representations in two subspaces. The CSA module
incorporates an auxiliary token (denoted as S) with
diverse feature scales compared to the query (Q) and
key (K), allowing for intermediate self-attention
computation between Q—S and K —S. This
approach enables CHT to measure the cross-scale
relevance in different feature spaces with varying
scales. Essentially, the auxiliary token decomposes
the attention calculation between query-key pairs
into two subspaces, making the scale of self-
attention more flexible. Furthermore, to better
explore cross-scale features at the local range,
a Cross-scale Channel Attention (CCA) mechanism
is developed to generate a series of multi-scale local
features and progressively refine them in a coarse-to
-fine manner. By jointly incorporating the strengths
of CSA and CCA within transformer groups, our
CHT leverages image hierarchies and achieves nota-
ble performance improvements for remote sensing
image super-resolution tasks.

In short, the main contribution of this paper is
listed as follows:

(1) The proposed CHT hierarchically models both
global and local cross-scale representations,
enabling a comprehensive understanding of
the valuable cross-scale knowledge in remote
sensing images.

(2) To explore the cross-scale global features,
a cross-scale self-attention module is proposed,
which could implicitly compute cross-scale
self-attentions within feature spaces at different
scales.

(3) To model the cross-scale local representations,
we devise a cross-scale channel attention
model, where cross-scale features are explored



and mutually enriched with each other in
a coarse-to-fine manner.

This paper is organized as follows. Section 2 reviews
remote sensing imagery super-resolution. In Section 3,
we describe the details of our CHT. Section 4 reports
extensive experiments and ablation analysis. Section 5
is the conclusion.

2. Related work
2.1. Natural image super-resolution

2.1.1. CNN-based methods

CNN-based SR methods have achieved remarkable
success in natural images. Inspired by the Super-
Resolution Convolution Neural Network (SRCNN)
(Dong et al. 2015), the CNN-based SR methods are
booming. Kim et al. (2016) promoted the performance
of SRCNN by increasing the depth of the network. Lim
et al. (2017) choose to expand the width of CNN and
achieve favorable performance. However, early meth-
ods often employ interpolation to enlarge the spatial
size of LR input, which may introduce interference in
the pre-processing operation. To this end, Shi et al.
(2016) devise an efficient sub-pixel convolution layer
to realize the upscale procedure, which has been
widely adopted in current SR models. Later, research-
ers introduced the concepts of residual connections
(Wang et al. 2018) and dense connections (Zhang et al.
2018b) to improve the optimization process.

2.1.2. Attention-based methods

To further enhance the representation capability of
CNNs, a crowd of attention has been explored to
guide the network to pay more attention to the critical
features. Zhang et al. (2018a) proposed a residual
channel attention network. After that, Niu et al.
(2020) put forward to combine channel attention,
layer attention, and spatial attention to residual block
and achieve impressive performance. Recently, Mei,
Fan, and Zhou (2021) proposed sparse non-local
attention to increasing the respective of CNNs.
Although such non-local operators can achieve decent
performance in modeling the global features, the
inherent limitation of CNNs still limits the
performance.

2.1.3. Transformer-based methods

Inspired by the success of transformers in Natural
Language Processing (NLP) tasks, transformers have
also shown great potential in image restoration, due to
the long-range modeling capability of self-attention
(Wang et al. 2023). In particular, Yang et al. (2020)
learned a texture transformer and obtained superior
performance by transferring more global textures for
SR. Liang et al. (2021) leveraged the swim-transformer
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architecture for image restoration. Chen et al. (2023b)
proposed a hybrid attention network to activate more
useful pixels in the SR process. Lu et al. (2022) develop
an efficient transformer to save memory cost for light-
weight SR.

2.2. Remote sensing image super-resolution

In remote sensing scenarios, early efforts often
employed hand-crafted prior (Pan et al. 2013) to tackle
this issue. With the booming of deep learning,
researchers began to reuse the model proposed for
natural images by simply retraining them in remote
sensing images (Jiang et al. 2018, 2019; Lei, Shi, and
Zou 2020; Luo et al. 2017). However, these methods
usually face challenges in effectively capturing both
local and global features using naive convolutions. In
addition, they barely consider the unique properties of
remote sensing imagery, cross-scale characteristics in
particular.

Subsequently, researchers begin to consider the
unique characteristics of remote sensing images, and
various elaborate structures have been developed to
explore these valuable representations. Zhang et al.
(2020b) proposed a scene-adaptive strategy to boot
the generalization of SR models on various remote
sensing scenes. To exploit the multi-scale knowledge
in remote sensing images, Dong et al. (2020b)
designed a multi-scale second-order attention net-
work. Similarly, Zhang et al. (2020a) put forward
a mixed high-order attention network to explore the
high-frequency information that is critical in remote
sensing scenes. Dong et al. (2020a) proposed a dense-
sampling network, which considers the multi-level
priors and enhances them with a wide activation
mechanism. Recently, Feng et al. (2022) developed
a pyramid structure network to model multi-scale
features for better SR. Lei and Shi (2022) explicitly
considered cross-scale self-similarity with non-local
attention. Wang et al. (2022¢) introduced
a lightweight lattice block for efficient SR of large-
scale remote sensing images. Liang et al. (2023)
employed the graph neural network for effective SR.
Xiao et al. (2023a) introduced the diffusion model to
restore realistic results. Although these methods paid
more attention to the unique properties of remote
sensing data, they still struggled to handle the explora-
tion of long-range features, especially the global cross-
scale priors as shown in Figure 1. Many works (Wu,
Hong, and Chanussot 2022, 2023) have explored and
demonstrated the significance of cross-scale informa-
tion in remote sensing images, prompting us to place
more emphasis on both local and global cross-scale
knowledge.

More recently, the transformer has demonstrated
the superior capability of modeling long-range repre-
sentations. Yao et al. (2023) proposed a novel
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transformer framework by extending the conventional
vision transformer into the multimodal domain. Tu
et al. (2022) integrated a swim-transformer block into
the Generative Adversarial Network (GAN) to boost
the performance with the self-attention mechanism.
Lei et al. (2022) employed self-attention to mine more
global dependencies and enhance them in multiple
stages. However, it is worth noting that remote sensing
data often exhibits intricate cross-scale and hierarch-
ical distributions in both local and global features.
Relying solely on single-scale characterizations can
yield suboptimal results. Therefore, it is imperative
to develop a systematic approach, which can compre-
hensively model both local and global information
while fully considering the inherent cross-scale
characteristics.

2.3. Transformer in remote sensing applications

In addition to super-resolution, transformer has
demonstrated impressive performance in various
remote sensing applications, such as classification,
detection, segmentation, pan-sharpening, and change
detection. Roy et al. (2023) incorporated the vision
transformer into CNN and introduced a new multi-
modal fusion transformer network for image classifi-
cation. Li, Chen, and Zeng (2022) introduced
a transfer CNN into a transformer for accurate object
detection in large-scale remote sensing images. Wang
et al. (2022a) developed a transformer-based network
for efficient semantic segmentation. To reduce the
spectral redundancy, Zhang et al. (2022a) exploited
the channel reduction strategy and proposed
a transformer-based network for pan-sharping.
Chen, Qi, and Shi (2021) proposed a bitemporal

transformer to explore the spatial-temporal context
for change detection. All of these studies have demon-
strated the tremendous potential for the application of
transformers in the field of remote sensing.

3. Methodology
3.1. Overview

As shown in Figure 2, our CHT comprises three main
components: 1) Shallow feature extraction, which is
responsible for mapping the low-resolution input IR
to a higher-dimensional feature space. 2) Deep feature
extraction, where multiple transformer groups are
employed to explore deep feature representations. 3)
Reconstruction, which focuses on reconstructing the

high-resolution output IS},

3.2. Shallow and deep feature extraction

3.2.1. Shallow feature extraction
Formally, given a low-resolution input I'R
(H, W and 3 are the height, width and RGB channels
number, respectively), we exploit a 3 x 3 convolution
Conv(-) to extract a shallow feature Fo € R™*W*P
which means:

c RHXWX%

Fo = Conv(I'*) (1)

where D represents the channel number.

3.2.2. Deep feature extraction

As illustrated in Figure 2, our deep feature extraction
includes multiple cascaded transformer groups fol-
lowed by a 3 x 3 convolutional layer, enabling us to
effectively explore deep feature representations at local
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Figure 2. Overview of the proposed CHT, which consists of three parts: shallow feature extraction, deep feature extraction, and

reconstruction.



and global ranges. To ensure stable optimization, we
incorporate a global connection. Let us denote the i-th
transformer group as g;. The output of g can be
expressed as:

fi:gi(Fi—l>ai:1727"'7L (2)

where F;_, is the output of g;_; and L is the number of
transformer groups.

Within each transformer group, we incorporate
several Cross-scale Hierarchical Transformer Blocks
(CHTB) along with a 3 x 3 convolutional layer. The
CHTB is a well-designed module that effectively
models global and local cross-scale representations
through the utilization of hierarchical CSA and
CCA. Additionally, inserting a convolutional layer
at the end of the CHTB helps to introduce more
inductive bias to the transformer for better
reconstruction.

3.3. Cross-scale hierarchical transformer block

Given an input feature F; to the 1-st CHTB in the i-
th transformer group, denoted as h; ), the output of h;
can be formulated as follows:

]:i,j:hi.j(f‘i,jfl)7j:172';"'7M (3)

where M is the number of CHTB in each transformer
group. As depicted in Figure 2, in each CHTB, we first
use a 3 x 3 convolution to extract intermediate fea-
tures from the input. Next, the intermediate features
are split along the channel dimension, and these split
feature maps are fed into the hierarchical CSA and
CCA modules. The CSA module captures global cross-
scale dependencies, allowing the model to leverage
prior knowledge about long-range interactions. On
the other hand, the CCA module focuses on capturing
local cross-scale dependencies, enabling the model to
emphasize the importance of channel-wise interac-
tions within each scale. After obtaining the outputs
from the CSA and CCA modules, the results are
merged using the summation operator to combine
the global and local cross-scale information effectively.
Finally, a Multi-Layer Perceptron (MLP) network is
employed to perform feature feed-forward, further
enhancing the learned representations and preparing
them for the subsequent CHTB.

3.3.1. Cross-scale self-attention

Taking inspiration from the insights presented in
Figure 1, we aim to capture global cross-scale similar-
ity using the proposed CSA. Figure 3 illustrates the
structure of CSA. Instead of directly computing self-
attention from query-key pairs, we introduce a scale
compress as an intermediate operator to implicitly
calculate the cross-scale self-similarity. In particular,
given an input X € REHW  the standard tokens in
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X: CxHW
' v ! }

Value Key Scale Query
Embed Embed Compress Embed

Y: CxHW

Figure 3. The diagram of the proposed CSA.

transformer, i.e., Q (query), K (key), and V (value),
can be obtained with linear projection:

Q, K,V = Emb(X) (4)

where Emb(+) is set to a fully-connected layer. In our
work, we introduced an additional token denoted as S,
which enables self-attention operations at different
resolutions. This allows us to explore cross-scale glo-
bal dependencies across different token spaces. To
achieve this, we compress the input feature map X
with a scale factor s, denoted as S = Compress(X, s).
The compression operation is performed using a fully
connected layer. Later, the cross-scale self-attention is
conducted using Equation (5):

- ST K-ST
oS = (S5

HW HwW
where M; € R “HY and M, € R™W*2 are two
learnable intermediate attention matrix yielded from
different scales, ¢ means softmax function, and

A=+Cisa temperature parameter. The attention
M, is used to distill V into a intermediate feature
7 e RO, Finally, the attention M; expands the
dimension of Z and generates the output
Y € RHY These processes can be formulated by
the following:

Y (V®M2) ® M, (6)

3.3.2. Cross-scale channel attention

As shown in Figure 2, given an input of P €
we firstly set three parallel convolutions with different
kernel sizes to explore the multi-scale features:

P, :f3><3(P)7P2 :fSXS(P)7P3 :f7><7(P) (7)

RCXHXW
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where fixx means a convolution layer with kernel size
of k. Subsequently, channel attention is adopted to
explore the cross-scale correlation. Take
Py, = P, + P, as an example, the attention map att,
can be generated by the following:

att; = U((Pl’z) (8)

where { is a squeeze operation achieved by a 3 x 3
convolution and a global pooling layer, o denotes soft-
max activation. Similarly, we could obtain the cross-
attention att, from P,3 = P, + P3. Subsequently, we
enrich the interaction of cross-scale features with
Equation (9):

b, = P1,2 ® att; + P273 ®atty+ P +P,+P; (9)

In the end, another channel attention is employed to
generate the final cross-scale feature O:

O =P, ® a((Py) (10)

3.4. Reconstruction

In the reconstruction process, the widely used pixel-
shuffle layer (Shi et al. 2016) is adopted to upscale the
spatial size of deep feature F,,, it can be formu-
lated by:

Fout = Fo + Conv(Fy) (11)

where F is the shallow feature and F; means the
deep feature from the last transformer group. Before
pixel-shuffle layer PS(-), a 3 x 3 convolution is used to

increase the channel dimension. In the end, the super-

ISR ¢ RISV ah be obtained:

resolved output
I’® = PS(Conv(F 1)) (12)

where r is the scaling factor.

Table 1. An introduction of four datasets involved in this paper.

4, Experiment
4.1. Remote sensing datasets

We choose four widely used benchmarks in the
remote sensing field to evaluate the SR performance,
including the AID (Xia et al. 2017) and NWPU-
RESISC45 (Cheng, Han, and Lu 2017) dataset used
for scene classification task and DOTA v1.0 (Xia et al.
2018), and DIOR (Li et al. 2020) dataset designed for
objection detection tasks. Among them, AID is used to
build the training and test sets. The remainder datasets
are employed for model tests. Note that we do not
perform simulated degradation on the NWPU-
RESISC45 dataset and only adopt it to evaluate the
models on real-world degradations. Table 1 reports
the details of these datasets. Moreover, some typical
samples in these datasets are shown in Figure 4.

4.2. Implementation details

4.2.1. Model details

In this study, we focus on four times SR for remote
sensing imagery, i.e., r = 4. For the design of our
CHT, in the deep feature extraction process, we
employed six transformer groups to explore deep fea-
ture representations. The number of CHTB within
each transformer group was dynamically set as fol-
lows: 4,4,8,8,4,4. This configuration allowed us to
effectively utilize cross-scale knowledge to enhance the
performance of the model. The channel dimension of
CHT is set to 180. During self-attention calculation,
the head number is fixed to three.

4.2.2. Training details
For a fair comparison, all SR methods involved in this
paper were retrained from scratch on the AID training

Data name Experiments Usage Pixel size Image numbers Resolution Categories Tasks
AID Simulated train, test 512 x 512 3000, 900 0.8-8m 30 Classification
DOTA v1.0 Simulated test 512 x 512 900 - 15 Detection
DIOR Simulated test 512 x 512 1000 - 20 Detection
NWPU-RESISC45 Real-world test 128 x 128 315 0.2-30m 45 Classification

=o'}
(a) AID dataset

(b) DOTA v1.0 dataset

(c) DIOR dataset

Figure 4. Some typical samples from (a) AID, (b) DOTA v1.0, (c) DIOR and (d) NWPU-RESISC45 datasets.



set without any pre-training and fine-tuning process.
During the training process of our CHT, we randomly
selected four LR image patches in each mini-batch and
also augmented them by 90°, 180°, and 270° rotation
and flipping. The patch size is set to 64 x 64. To
optimize our CHT, the widely used L, loss is adopted
as the objective function, which measures the pixel-
wise distance between the super-resolved image I}
and the ground-truth image IR, In particular,
Ly = ||I"® — I°R|| . We used Adam optimizer to train

our CHT with a fixed learning rate of 107*. All the
experiments were conducted on a single NVIDIA RTX
3090 GPU with 24 GB memory and a 3.40 GHz AMD
Ryzen 5700X CPU.

4.3. Evaluation metrics

In the experiments conducted on simulated data, we
utilize two classical full-reference metrics, Peak Signal-
to-Noise Ratio (PSNR), and Structural Similarity
Index (SSIM), to quantitatively evaluate the perfor-
mance of the SR method. These metrics provide an
objective assessment of the fidelity of the restored
image. It is important to note that for the calculation
of PSNR and SSIM, we consider only the luminance
channel (Y channel) of the YCbCr color space. Higher
PSNR and SSIM values indicate a higher level of fide-
lity in the restored image. In our experiments with
real-world data, we employ two non-reference
metrics, as the ground truth image is unavailable.
The first indicator is the Average Gradient (AG),
which measures the high-frequency details present in
an image. A higher AG value indicates better preser-
vation and enhancement of high-frequency compo-
nents in the restored image. Additionally, we employ
the Natural Image Quality Evaluator (NIQE) (Mittal,
Soundararajan, and Bovik 2012) to evaluate the per-
ceptual quality of the SR results. Lower NIQE scores
indicate better perceptual quality in the restored
image.

4.4. Experiments on simulated data

4.4.1. Selected methods for comparison

In this section, we compare our CHT with the follow-
ing 11 typical SR models, including eight methods
used for natural images: Bicubic interpolation,
SRCNN (Dong et al. 2015), VDSR (Kim, Kwon Lee,
and Mu Lee 2016), SRResNet (Wang et al. 2018),
EDSR (Lim et al. 2017), RDN (Zhang et al. 2018b),
HAN (Niu et al. 2020), NLSA (Mei, Fan, and Zhou
2021), and three state-of-the-art models developed for
remote sensing imagery: RSINet (Feng et al. 2022),
HSENet (Lei and Shi 2022), TransENet (Lei, Shi, and
Wenjing 2022). In particular, SRCNN and VDSR
adopt shallow and deep convolution for
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reconstruction. EDSR is a classical method, which
expands the width of CNN by a wide activation strat-
egy. Note that EDSR won the first prize in SR tracking
in NTIRE 2017. SRResNet and RDN upgrade the CNN
with residual and dense connections. SRResNet and
RDN improve the non-linear fitting capability of CNN
by residual and dense connection, respectively. HAN
proposes to use holistic attention for local feature
modeling. NLSA devises a non-local sparse attention
to exploring the global features. In models specifically
designed for remote sensing images, RSINet and
HSENet both exploit cross-scale knowledge with pyr-
amid structure and non-local attention. TransENet is
a transformer-based approach. Following their official
implementation details, we retrained these models
from scratch for a fair comparison. Notably, we also
perform a self-ensemble strategy in the test phase to
further boost the performance of our CHT, and we
denote it as CHT+.

4.4.2. Quantitative comparison
Table 2 presents the quantitative comparisons
between our CHT and 11 typical models on the AID
test set for a scale factor of four. The best and second
best PSNR/SSIM performance are highlighted in red
and blue, respectively. It is observed that RDN, EDSR,
RSINet, HSENet, and TransENet have achieved com-
petitive results on the AID dataset, surpassing meth-
ods proposed as early as five years ago, such as
SRCNN, VDSR, and SRResNet. These results highlight
the importance of modeling local or global features for
improved SR. Comparatively, our CHT demonstrates
the best performance on almost all 30 scene types,
surpassing the second-best model, TransENet, by
0.11dB in terms of PSNR. This indicates the super-
iority of our CHT in various remote sensing scenarios.
In Table 3, we further test these models on DOTA
v1.0 and DIOR test sets. The PSNR/SSIM results
demonstrate that our CHT+ outperforms all the
comparative networks. For example, CHT+ achieves
a higher PSNR than NLSA by 0.2 dB and surpasses
TransENet by 0.14dB. Even without the self-
ensemble strategy, our CHT still achieves the best
performance on both the DOTA v1.0 and DIOR
datasets. Note that NLSA utilizes non-local attention
to explore global features, which are less powerful
compared to our cross-scale self-attention mechan-
ism in capturing long-range dependencies. Although
TransENet exploits self-attention to enhance perfor-
mance, CHT can still surpass it by a large margin.
The main reasons may lie in 1) the proposed cross-
scale self-attention not only grasps the valuable glo-
bal prior knowledge but also considers the cross-
scale properties of similar ground objects, and 2)
the hierarchical CSA and CCA in our CHT effec-
tively benefit both local and global hierarchies in
remote sensing imagery.
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Table 2. Quantitative results on AID test set. Here we report the PSNR/SSIM performance of SISR models on 30 classes of scenes.
The best and second best metrics are shown in red bold and blue bold, respectively.

Bicubic SRCNN VDSR SRResNet RDN EDSR RSINet HSENet TransENet CHT (Ours)

Land Cover PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
Airport 27.83 0.7554 28.80 0.7912 29.74 0.8205 29.79 0.8213 30.10 0.8310 29.93 0.8282 30.07 0.8292 30.08 0.8303 30.15 0.8301 30.28 0.8350
Bare Land 35.60 0.8564 36.33 0.8728 36.74 0.8808 36.80 0.8815 36.80 0.8839 36.94 0.8837 36.96 0.8840 36.79 0.8841 36.93 0.8837 36.84 0.8846
Baseball Field 31.00 0.8305 32.00 0.8550 32.85 0.8719 3294 08730 33.16 0.8778 33.05 0.8765 33.18 0.8771 33.15 0.8774 3325 0.8775 33.37 0.8805
Beach 32.90 0.8446 33.61 0.8616 34.11 0.8710 34.14 08717 34.16 0.8748 34.18 0.8727 3433 0.8747 34.14 0.8746 34.35 0.8754 3429 0.8764
Bridge 30.22 0.8283 31.33 0.8522 3256 0.8733 32.61 0.8736 33.03 0.8814 32.93 0.8800 32.99 0.8793 33.06 0.8809 33.08 0.8810 33.23 0.8836
Center 26.51 0.6944 27.42 0.7358 2845 0.7783 2852 0.7790 28.86 0.7945 28.77 0.7921 28.88 0.7932 28.83 0.7937 2891 0.7934 29.09 0.8015
Church 2429 0.6333 2527 0.6899 2621 0.7353 2625 0.7361 26.52 0.7506 26.30 0.7469 26.53 0.7506 26.47 0.7507 26.52 0.7492 26.71 0.7576
Commercial 2733 0.7174 2822 0.7593 2891 0.7876 28.98 0.7888 29.21 0.7994 29.01 0.7940 29.22 0.7983 29.21 0.7989 29.21 0.7973 29.35 0.8046
Dense Residential ~ 22.93  0.5671 23.73 0.6305 2441 0.6755 2444 0.6754 24.66 0.6921 2438 0.6839 24.69 0.6921 24.60 0.6912 2471 0.6931 24.82 0.7009
Desert 39.26 09100 39.67 0.9191 40.05 0.9244 40.10 09248 39.81 0.9269 4020 0.9268 40.25 0.9272 39.57 0.9271 40.29 09276 39.95 0.9283
Farmland 33.10 0.8226 33.75 0.8407 34.65 0.8610 3473 0.8623 34.98 0.8691 35.00 0.8683 3499 0.8681 35.02 0.8692 3499 0.8675 35.10 0.8707
Forest 2879 0.6605 29.46 0.7086 29.74 0.7236 29.79 0.7256 29.93 0.7336 29.85 0.7315 29.97 0.7353 30.00 0.7363 29.99 0.7372 30.04 0.7390
Industrial 2677 0.6952 2771 0.7417 2859 0.7800 28.66 0.7819 28.99 0.7966 28.88 0.7931 29.00 0.7950 28.98 0.7956 28.98 0.7942 29.16 0.8028
Meadow 33.86  0.7483 3420 0.7654 3442 0.7733 3446 0.7748 34.53 0.7800 34.63 0.7804 34.61 0.7810 34.55 0.7804 34.62 0.7805 34.72 0.7828
Medium Residential  26.36 0.6335 27.23 0.6842 28.08 0.7244 28.17 0.7253 28.51 0.7405 2834 0.7365 2852 0.7396 28.45 0.7390 28.48 0.7385 28.65 0.7462
Mountain 29.51 0.7349 30.25 0.7715 30.62 0.7862 30.65 0.7870 30.71 0.7909 30.63 0.7885 30.73 0.7908 30.72 0.7907 30.76 0.7915 30.80 0.7938
Park 29.06 0.7530 29.89 0.78387 3046 0.8089 30.52 0.8100 30.68 0.8165 30.54 0.8130 30.70 0.8159 30.71 0.8167 30.72 0.8174 30.81 0.8211
Parking 2424 0.7060 2545 0.7586 26.58 0.8086 26.73 0.8119 27.48 0.8363 27.25 0.8317 2742 0.8344 2732 0.8341 27.60 0.8396 27.88 0.8470
Playground 32.64 0.8450 33.63 0.8649 3491 0.8873 35.05 0.8880 3540 0.8950 3537 0.8943 3547 0.8948 3546 0.8952 3553 0.8956 35.64 0.8983
Pond 30.70 0.8167 31.39 0.8372 3197 0.8507 31.99 08510 32.14 0.8550 32.11 0.8542 32.16 0.8547 32.17 0.8549 32.19 0.8552 32.26 0.8569
Port 26.67 0.7986 27.64 0.8299 2840 0.8535 2847 0.8546 28.75 0.8629 2850 0.8596 28.77 0.8624 2871 0.8623 28.77 0.8626 28.97 0.8668
Railway Station 2678 0.6793 27.69 0.7270 28.44 0.7610 28.51 0.7624 28.86 0.7775 28.72 0.7738 28.82 0.7749 28.84 0.7762 28.88 0.7756 29.03 0.7832
Resort 26.79 0.7029 27.65 0.7429 2835 0.7718 2843 0.7735 28.70 0.7840 28.52 0.7799 28.69 0.7824 28.64 0.7825 28.67 0.7825 28.82 0.7881
River 30.37 0.7402 31.00 0.7693 31.44 0.7847 31.48 0.7858 31.60 0.7902 31.55 0.7891 31.60 0.7901 31.61 0.7904 31.63 0.7905 31.68 0.7926
School 2741 0.7237 2835 0.7650 29.17 0.7962 2926 0.7975 29.52 0.8086 29.36 0.8044 29.54 0.8072 29.51 0.8074 29.51 0.8074 29.70 0.8144
Sparse Residential ~ 26.66 0.6006 27.28 0.6462 27.69 0.6666 27.71 0.6674 27.86 0.6757 27.71 0.6728 27.86 0.6755 27.84 0.6754 27.85 0.6754 27.93 0.6790
Square 28.55 0.7391 29.56 0.7780 30.51 0.8107 30.63 0.8120 30.94 0.8230 30.84 0.8200 30.97 0.8214 30.94 0.8223 30.98 0.8227 31.13 0.8282
Stadium 27.16 0.7547 28.11 0.7889 29.25 0.8260 29.33 0.8275 29.73 0.8404 29.63 0.8387 29.70 0.8391 29.68 0.8391 29.73 0.8396 29.98 0.8470
Storage Tanks 25.65 0.6793 26.55 0.7232 27.34 0.7579 27.38 0.7583 27.61 0.7695 2744 0.7664 27.61 0.7682 27.58 0.7688 27.58 0.7680 27.70 0.7734
Viaduct 26.97 0.6755 27.85 0.7244 28.68 0.7619 2872 0.7627 29.11 0.7792 2899 0.7757 29.04 0.7754 29.08 0.7772 29.08 0.7775 29.31 0.7865
Average 2886 0.7382 29.70 0.7741 3044 0.8004 30.51 0.8015 30.74 08112 30.65 0.8086 30.78 0.8104 30.72 0.8108 30.80 0.8109 30.91 0.8157

Table 3. Quantitative comparisons with 11 typical SR models on DOTA v1.0 and DIOR test sets. The best and second best PSNR/
SSIM results are highlighted in red and blue.

DOTA v1.0 DIOR Average
Model Type Method
PSNR SSIM PSNR SSIM PSNR SSIM
Baseline Bicubic 31.16 0.7947 28.57 0.7432 29.87 0.7690
SRCNN (Dong et al. 2015) 32.10 0.8264 29.49 0.7768 30.80 0.8016

VDSR (Kim, Lee, and Lee 2016)  33.22 0.8569 30.36 0.8036 31.79 0.8303
SRResNet Wang et al. (2018) 3340 0.8585 3047 0.8053 31.94 0.8319

RDN (Zhang et al. 2018b) 33.60 0.8670 30.78 0.8147 32.19 0.8409
CNN-based EDSR Lim et al. (2017) 33.64 0.8648 30.63 08116 32.14 0.8382
HAN (Niu et al. 2020) 33.84 0.8682 30.84 0.8163 3234 0.8423

NLSA (Mei, Fan, and Zhou 2021)  33.86 0.8682 30.82 0.8156 32.34 0.8419

RSINet (Feng et al. 2022) 33.84 0.8665 30.78 0.8136 32.31 0.8401

HSENet (Lei and Shi 2022) 33.85 0.8667 30.77 0.8143 32.31 0.8405

TransENet (Lei, Shi, and Mo 2022) 3375 0.8675 30.85 0.8148 3230 0.8412
Transformer-based CHT (Ours) 3386 0.8711 3095 08187 3241 0.8449
CHT+ (Ours) 34.00 0.8730 31.07 0.8211 32.54 0.8471




4.4.3. Qualitative comparison

In Figure 5, we visually exhibit the reconstruction
results of these models on the AID test set. Note
that we choose two airport scenes with rich cross-
scale global features, (e.g., cross-scale similarity of the
plane) to better investigate the challenges in remote
sensing scenes. From these results, we can find that
our CHT can always restore the accurate and sharp
details of the planes, while other existing CNN and
Transformer-based methods struggle with severe
high-frequency loss and artifacts, leading to blurry
results and incomplete shapes of the planes. For
example, in the “airport_108” image, existing CNN
and Transformer-based methods obtain heavy blurs
and fail to recover the entire shape of the planes.
Despite HSENet generating some high-frequency
details, such as the airfoil, it still can not predict the
correct boundary of the plane, and even mix the small
plane with the background. In contrast, CHT suc-
cessfully recovers the complete shape of the plane
and distinguishes it from the background without
color distortion. These results demonstrate CHT
can effectively explore valuable cross-scale local and
global priors, which aligns with the motivation
behind our CHT.

Furthermore, Figures 6 and 7 illustrate some
typical scenes in DOTA v1.0 and DIOR, respec-
tively. From the ground lines in Figure 6, it
appears that the comparative methods struggle
with severe artifacts, producing incorrect shapes
and distorted textures for the ground lines. Only
our CHT achieves visually pleasing results, accu-
rately recovering the realistic distribution of the
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lines. This demonstrates the effectiveness of our
proposed cross-scale channel attention in success-
fully extracting local features, such as edges and
outlines. Similarly, in Figure 7, which contains
massive cross-scale storage tanks, NLSA and
HSENet, despite their ability to explore non-local
representations, still struggle with handling such
challenging scenes and producing deformed and
blurry results. On the other hand, our CHT, ben-
efiting from cross-scale self-attention, can fully
explore and exploit valuable priors for better
restoration. These visual comparisons provide
further evidence of the superiority of our CHT in
capturing fine details, preserving realistic distribu-
tion, and handling complex scenes with cross-scale
features.

4.5. Experiments on real-world data

We further test the performance of these methods by
applying them to the NWPU-RESISC45 dataset with
realistic degradations.

4.5.1. Qualitative comparison

Table 4 presents the AG and NIQE results on
NWPU-RESICS45 dataset. Based on the observa-
tions from Table 4, our CHT achieves the best
performance in AG and secures second place in
NIQE. These results demonstrate that our CHT
remains competitive in addressing the SR problem
in real-world scenarios. Notably, we find that
VDSR achieves the best performance in NIQE.

SRResNet RDN EDSR
27.30/0.7866 27.61/0.7978 27.24/0.7914

L~ j*

RSINet
27.48/0.7943

\H x

SRResNet
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TransENet
27.65/0.7976

\\ \\
RDN
25.23/0.7121

CHT (Ours)
27.76/0.8045

Ground Truth
PSNR/SSIM

EDSR
24.97/0.7046

YK

TransENet
25.21/0.7083

CHT (Ours)
25.44/0.7191

Ground Truth
PSNR/SSIM

25.11/0.7049

Figure 5. Visual comparisons on the AID test set, where the selected scenes contain rich cross-scale similarities. The best PSNR/

SSIM is shown in bold. Zoom in for better comparison.
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Figure 6. Visual comparisons on the DOTA v1.0 test set, where the selected scenes contain rich cross-scale local details (e.g., cross-
scale ground lines). The best PSNR/SSIM is shown in bold. Zoom in for better comparison.
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Figure 7. Visual comparisons on the DIOR test set, where the selected scenes contain rich cross-scale global priors (e.g., cross-scale
storage tanks). The best PSNR/SSIM is shown in bold. Zoom in for better comparison.

Table 4. Quantitative comparisons with typical SR models on the NWPU-RESICS45 test set. The best and second best AG and NIQE

results are highlighted in red and blue.

Metrics SRCNN VDSR SRResNet HAN NLSA HSENet TransENet CHT (Ours)
AG 1 2.8010 2.9264 2.9230 3.0451 3.0343  3.0275 2.9862 3.0681
NIQE| 21.032 20.029 20.496 20.428 20.508  20.293 20.572 20.081

This could be attributed to the complex degrada-
tions present in realistic scenes, which may inter-
fere with the attention and transformer-based
approaches employed by other methods. In this
case, our CHT proves its favorable visual percep-
tion, showcasing the robust local and global mod-
eling capabilities of the proposed CCA and CSA.

4.5.2. Quantitative comparison
The visual comparisons are shown in Figure 8,
where the selected images contain rich global and

local hierarchies. From “church_347” from the
NWPU-RESISC45 dataset, we find that TransENet
cannot recover the global similarity, even with the
assistance of self-attention. In contrast, our CHT
provides more details with rich textures, resulting
in a visually appealing restoration. As illustrated in
“parking lot_65”, where the marking lines on the
ground are present, CNN-based and transformer-
based methods fail to restore all of the lines accu-
rately. However, our CHT preserves more sharp
information on these lines. These results indicate
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SRCNN

VDSR SRResNet

NLSA HSENet TransENet ~ CHT (Ours)

Figure 8. Visual comparisons on the NWPU-RESICS45 test set with real-world degradations, where the selected scenes contain rich
cross-scale global and local similarities. Zoom in for better comparison.

that our CHT maintains its superiority in handling
real-world scenes with complex degradations, pro-
viding stable and generalized performance for
remote sensing image SR.

4.6. Ablation study

To save inference costs, we conduct all these ablation
analyses on a small-scale validation set and dub it
AID-tiny. It contains 30 images, with each image
randomly selected from a category of AID, and does
not repeat in the training and test set.

4.6.1. Hierarchical modeling
4.6.1.1. Effect of cross-scale self-attention. In
Table 5, we report the quantitative comparison
between the proposed CSA with the initial Window-
based Self-Attention (WSA) for four times SR on the
AID-tiny dataset. By comparing Model-A with our
CHT, we can see that utilizing CSA to capture global
features leads to a significant improvement in perfor-
mance compared to using the single-scale WSA
(28.2269 dB vs. 28.1033 dB). This improvement can
be attributed to the cross-scale design of CSA, which
enables the model to explore more prior knowledge,
such as cross-scale self-similarity.

Besides, we visualize the training process of Model-
A (pink) and our CHT (red) in Figure 9. It can be
found that the PSNR curve of our CHT grows signifi-
cantly against Model-A, demonstrating the effective-
ness of our CSA.

4.6.1.2. Effect of cross-scale channel attention. To
evaluate the effect of CCA, we compare it with the

Table 5. Effect of CSA and CCA. The PSNR performances are
calculated on the AID-tiny dataset and the best result is shown
in bold.

Global Modeling Local Modeling

Method WSA CSA SCA CCA PSNR (dB)
Baseline v v 28.0994
Model-A v v 28.1033
Model-B v v 28.1267
CHT (Ours) v v 28.2269

28.5
28.0
~ 275
g
I~
Z
w2
&~ 270
e —— WSA+SCA
’ —— WSA+CCS
—— CSA+SCA
—— CSA+CCA (Ours)
26.0 T T

0 20 40 60 80 100 120 140
Epochs

Figure 9. The training process of the effect of CSA and CCA.
The models are validated on the AID-tiny dataset.

naive Single-scale Channel Attention (SCA) block.
The quantitative results are listed in Table 5. The
results show that incorporating CCA in our CHT
leads to a noticeable improvement in performance
compared to SCA (0.1002 dB higher in PSNR). This
improvement can be attributed to the fact that while
channel attention is capable of modeling local features,
it neglects the cross-scale properties present in remote
sensing imagery. Consequently, relying solely on SCA
results in suboptimal performance.

Furthermore, our CHT outperforms the baseline
model that also adopts hierarchical modeling. This
result suggests that our CSA and CCA can mutually
promote each other, leading to improved modeling of
image hierarchies.

4.6.1.3. Feature visualization. More intuitively, we
visualize the intermediate feature maps from local
and global branches in our CHTB. For better visuali-
zation, three typical scenarios with rich global and
local cross-scale knowledge are sent to our CHT. The
results are shown in Figure 10. From this figure, we
can find that local features are prominent in localities,
such as edge, boundary, and shape information. On
the other hand, the features yielded from global cross-
scale attention tend to activate more cross-scale
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Figure 10. Feature visualization of the hierarchical modeling.

regions in the global context. This result aligns with
our motivation, which demonstrates that the proposed
CHT can systematically explore both local and global
cross-scale knowledge.

4.6.2. Cross-scale modeling

4.6.2.1. Effect of different scale s in CSA. The key
hyper-parameter of our CSA is the scale s of the addi-
tion token S. To investigate the impact of different
scale values, we empirically set s to 1, 2, 4, and 8 and
evaluate the performance on the PNSR metric, as
depicted in Figure 11. The results indicate that setting
s =2 achieves the best PSNR performance. When
s =1, the scale of S aligns with that of Q and K,
resulting in self-attention calculations within two sin-
gle-scale feature spaces. This limitation fails to explore
the cross-scale global dependency effectively. Once the
scale is large, e.g., s =28, we observed that the

28.25
28.2269

28.2043
28.2 A

28.15 A

28.0764

I

28.1078

28.1 I
28.05 : . ;
1 2 4

Different values of s

Figure 11. The training process of the effect of different values
of s in CSA. The models are validated on the AID-tiny dataset.

performance dropped dramatically. This is mainly
attributed to the loss of global information when com-
pressing the feature space too much. Based on these
empirical findings, we set s =2 in our final CHT
model as it offers the best performance.

4.6.2.2. Effect of difference scale in CCA. To evalu-
ate the effectiveness of the multi-scale design, we
conducted an experiment by replacing the multi-
scale convolution in CCA with three single-scale
convolutions: 3 x 3,5 x 5, and 7 x 7. The results in
Table 6 demonstrate that the single-scale convolu-
tions can only explore limited representations. In
comparison, our CHT outperforms Model-C,
Model-D, and Model-E by 0.1002 dB, 0.0614 dB,
and 0.0921 dB in PSNR, respectively. This indicates
that the cross-scale design of our CHT effectively
extracts enriched local details, leading to superior
reconstruction.

4.6.3. Model efficiency

We first investigate the different number of transfor-
mer groups Nrg and cross-scale hierarchical transfor-
mer blocks Ncyrg used in our CHT. The
computational cost and PSNR results are reported in

Table 6. Effect of cross-scale in CCA. The results are tested on
AID-tiny and the best PSNR is shown in bold.

Scale Model 3x3 5x5 7x7 PSNR (dB)

Single Model-C v 28.1267
Model-D v 28.1655
Model-E v 28.1348

Cross CHT (Ours) v v v 28.2269




Table 7. The ablation of different numbers of transformer
groups. The best PSNR performance is shown in bold.

Nrg 2 4 6 8
FLOPs (G) 144.7 230.5 3223 412.2
PSNR (dB) 30.63 30.79 30.91 30.90

Table 8. The ablation of different numbers of CHTB. The best
PSNR performance is shown in bold.

Newrs 2 4 6 8
FLOPs (G) 180.6 3223 463.1 603.8
PSNR (dB) 30.78 30.91 30.87 30.94

Table 9. Model efficiency analysis. FLOPs are calculated with an
input image of size 128 x 128 x 3. TM = 10% and 1G = 10°.
Note that the PSNR is tested on the AID test set and the best
performance is shown in bold.
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methods, which did not consider local and global
feature modeling and only employed naive CNNs,
have fewer parameters and limited performance.
However, with the introduction of attention
mechanisms, such as holistic attention and non-
local attention, both local and global information
are fully exploited, resulting in significant perfor-
mance improvement. Nevertheless, the number of
parameters of these models also increases by
a large margin. In comparison to the NLSA
approach, which utilizes non-local attention for glo-
bal modeling, our CSA is superior (30.91dB vs.
30.81 dB) without excessively increasing the compu-
tational complexity (20.53 M vs. 44.15 M). This ana-
lysis highlights that our CHT strikes a good balance
between local-global modeling and efficiency.

Method Parameters FLOPs PSNR (dB)
Bicubic - - 28.86
SRCNN 0.021 M 0.328 G 29.70
VDSR 0.667 M 1093 G 30.44
SRResNet 0.734 M 23.13 G 30.51
EDSR 43.09 M 823.3G 30.65
RDN 2227 M 3724 G 30.74
HAN 16.07 M 268.0 G 30.80
NLSA 4415 M 840.8 G 30.81
RSINet 14.61 M 388.0G 30.78
HSENet 21.70 M 3063 G 30.72
TransENet 3746 M 87.85 G 30.80
CHT (Ours) 20.53 M 3223G 30.91

5. Conclusions

In this paper, we propose an effective transformer-
based SR model to mitigate the shortcomings of exist-
ing methods when applied to remote sensing imagery.
Our CHT aims to systematically model both local and
global representations by designing a hierarchical
transformer group that incorporates CSA and CCA.

Table 7 and 8. We observed that Nyg = 6 yields the
best PSNR performance. As Ncyrp increases, the cap-
ability of local and global cross-scale modeling also
improves. However, the computational consumption
also increases dramatically. Although the best PSNR
result is achieved with Ncprg =8, we choose
Ncurg =4 as the final setting because it provides
competitive performance while consuming less
computation.

Table 9 provides the number of parameters, the
FLOating Point operations (FLOPs), and the PSNR
performance of each model on the AID test set.
Intuitively, the relationships between PSNR perfor-
mance and computational cost are shown in
Figure 12. The observations reveal that earlier

To facilitate the representation of cross-scale global
knowledge in remote sensing scenes, we introduce an
additional token space for implicit self-attention cal-
culation. This auxiliary token allows for the indirect
computation of self-attention in two sub-spaces with
different feature scales, thereby enabling self-attention
to be aware of cross-scale dependencies. Moreover, we
devise a cross-scale channel attention mechanism that
explores multi-scale features and enriches them with
channel attention in a coarse-to-fine manner. The
extensive experiments on four remote sensing datasets
demonstrate the superiority of our CHT in grasping
the local and global features, both in simulated and
real-world data.

Despite achieving decent performance on simula-
tion experiments, remote sensing imagery usually suf-
fers from various degradations (Hong et al. 2018),
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Figure 12. Comparison of computational complexity.
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which may lead to several performance drops in our
CHT. As investigated in previous research (Liu et al.
2022; Xiao et al. 2023d), when handling multiple
degradations, the model trained on simulated data
often lacks universal and generalizability. This is
because there is a domain gap between single degrada-
tion (e.g., bicubic downsampling) and real-world
degradations, such as blur and noise. In future work,
more efforts should be paid to develop a practical
scheme for real-world remote sensing image SR, thus
mitigating the performance drop when handling mul-
tiple degradations, such as blur and noise.
Furthermore, lightweight SR may be another hotspot,
especially in the context of real-time inference on
large-scale remote sensing images.
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