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Abstract: Super-resolution (SR) for satellite remote sensing images has been recognized as crucial
and has found widespread applications across various scenarios. Previous SR methods were usually
built upon Convolutional Neural Networks and Transformers, which suffer from either limited
receptive fields or a lack of prior assumptions. To address these issues, we propose ESatSR, a novel
SR method based on state space models. We utilize the 2D Selective Scan to obtain an enhanced
capability in modeling long-range dependencies, which contributes to a wide receptive field. A
Spatial Context Interaction Module (SCIM) and an Enhanced Image Reconstruction Module (EIRM)
are introduced to combine image-related prior knowledge into our model, therefore guiding the
process of feature extraction and reconstruction. Tailored for remote sensing images, the interaction
of multi-scale spatial context and image features is leveraged to enhance the network’s capability
in capturing features of small targets. Comprehensive experiments show that ESatSR demonstrates
state-of-the-art performance on both OLI2MSI and RSSCN7 datasets, with the highest PSNRs of
42.11 dB and 31.42 dB, respectively. Extensive ablation studies illustrate the effectiveness of our
module design.

Keywords: image super-resolution; remote sensing; state space model; prior assumption

1. Introduction

Remote sensing is an important ground observation technology that has rapidly
developed in recent years. Due to its wide coverage and high accessibility, it has been widely
used in disaster detection, early warning, resource exploration, land cover classification,
and other fields. High-resolution satellite remote sensing images are widely applied across
various scenarios such as change detection [1,2] and object detection [3,4]. Due to the far
distance between spacecrafts and the ground, satellite remote sensing images span extensive
geographic areas, but the spatial resolution is relatively low, resulting in numerous small
targets appearing in the images. Furthermore, the quality of images captured by satellite
sensors is constrained by the space imaging equipment and communication bandwidth.
Moreover, various factors affect the image quality in practical use, such as electronic noise,
optical aberrations, atmospheric blurring, and motion blur [5]. Although these issues can be
addressed by improving the satellite and the camera, it significantly increases development
costs. Due to these factors, the analysis and comprehension of remote sensing images are
challenging and complicated. Therefore, finding ways to enhance image quality without
introducing more cost is a significant task in the field of remote sensing.

In recent years, with the significant development of deep learning technology, super-
resolution (SR) methods have been introduced and applied to enhance remote sensing
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images. In the application of satellite remote sensing images, image registration [6,7] and
SR [8,9] are two crucial pre-processing steps for downstream tasks. SR has always been
one of the hot tasks in the field of computer vision, aiming to restore images from low-
resolution (LR) images to become high-resolution (HR) images. Since the groundbreaking
work of SRCNN [8] that first used the Convolutional Neural Network (CNN) in the
SR field, CNN has become the most popular universal framework for SR tasks [10,11].
Many excellent SR methods based on CNN have sophisticated structural designs, and due
to the utilization of convolution, CNNs usually have good local information extraction
capabilities, demonstrating competitive performance. At the same time, as an alternative to
CNN, the Vision Transformer (ViT) [12] has shown remarkable performance in addressing
challenging tasks in the field of computer vision. Its self-attention mechanism effectively
captures the intrinsic relationships among global visual content. ViT has achieved state-of-
the-art results in classic computer vision tasks such as image classification [12] and object
detection [13], while also demonstrating dominance in the SR field [14,15].

Despite the success that CNNs and ViTs have achieved, these two paradigms still
suffer from several limitations. In terms of CNNs, firstly, the convolution kernel is content-
irrelevant to the specific content of images. Reconstructing different regions with the
same convolution kernel leads to insufficient generalization ability. Secondly, the receptive
field of the convolutional layer is strictly limited by the size of the convolution kernel,
which means the convolutional layer merely focuses on local information and the result
usually contains strong local biases, which is not effective for situations requiring long-
distance modeling [16]. As for ViTs, vanilla transformers, known as the plain ViT, are
pre-trained on massive huge multi-modal datasets, including images, videos, and texts,
which allows the model to learn powerful representations that can effectively extract image
features. However, the plain ViT’s reliance on pre-training prevents it from structural
modifications which contain prior assumptions of vision tasks. Consequently, due to its
lack of vision specific knowledge, the plain ViT achieves sub-optimal performance when
applied to vision tasks [17,18]. While SwinIR [16] attempts to introduce more vision-
related prior information through utilizing the shifted window mechanism, this strategy
inadvertently compromises the Transformer architecture’s inherent capability to model
long-range dependencies, resulting in a limited receptive field [19], as shown in Figure 1.

Figure 1. The comparison of receptive field among RCAN [20], SwinIR [16], and ESatSR.

To address these limitations, we propose ESatSR, an SR model specifically designed
for remote sensing images based on state space models (SSMs). We apply 2D Selective
Scan (SS2D) [21] to ensure the model possesses the capability of modeling long-range
dependencies, which contributes to a wide receptive field. Spatial context is introduced
to supplement visual prior assumptions, while its multi-scale design tailors the network’s
capability to effectively capture features of small objects, aligning with the characteristic of
remote sensing images. Our ESatSR consists of three parts: the Feature Extraction module,
Spatial Context Interaction Module, and Enhanced Image Reconstruction Module. The
feature extraction module includes a shallow feature extractor and a deep feature extractor.
The shallow feature extractor converts the LR image from the image dimension to the
feature dimension, with low-frequency information of the image still preserved. The deep
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feature extractor utilizes SS2D to obtain high-frequency features with global attention. We
designed the Spatial Context Interaction Module to bring spatial priors to the network,
thereby supplementing it with multi-scale, fine-grained information for super-resolution.
The Enhanced Image Reconstruction Module combines shallow features, deep features,
and spatial context simultaneously to produce high-quality SR images.

The major contributions in this work are summarized as follows:

• We propose ESatSR, an SR model designed for remote sensing images based on state
space models. It can effectively conduct super-resolution in satellite remote sensing
image scenarios, and our experiments demonstrate that ESatSR outperforms several
state-of-the-art methods, including CNNs as well as Transformers, on public remote
sensing datasets.

• We design a module utilizing the state space model (SSM) as a solution to enhancing
long-range dependencies, named RVMB. Benefiting from the SSM’s wide receptive
field, RVMBs exhibit powerful long-range modeling capabilities compared to modules
based on CNNs or Transformers, and perform well in both global and local feature
extraction tasks, thereby enhancing the model’s overall performance.

• We propose the Spatial Context Interaction Module to address the lack of prior as-
sumptions. By introducing spatial prior information, ESatSR can utilize image prior
knowledge to guide the image feature extraction process, and the interaction between
multi-scale spatial context and image features enhance the network’s capability in
capturing small targets, thereby leading to enhanced model performance on remote
sensing images.

2. Related Work
2.1. Image Restoration

Image restoration aims to recover an image from its degraded version. Methods of im-
age restoration can be used for dehazing, deblurring, super-resolution, etc. The SRCNN [8]
was the first work to introduce convolutional neural networks into the realm of image
restoration and achieve superior results compared to traditional methods. Since then, CNN-
based methods have gradually become the mainstream framework in image restoration
domain. Many works based on CNN [10,11,22–24] have been proposed to further enhance
the quality of image restoration. Some of these works have incorporated sophisticated de-
signs in networks, such as residual connections [20,25] and dense connections [26]. Several
works [20] developed attention mechanisms within CNN structures to allow models to
more effectively utilize pixel information. Ref. [24] combined non-local self-attention with
sparse representation, proposing a sparse global attention module that reduces the compu-
tational load of the model. Despite the improvements made to CNN in the aforementioned
works, the irrelevance between convolutional kernels and image content has not been
effectively addressed. Therefore, more researchers have explored different network struc-
tures for image restoration, such as recursive neural networks (RNNs) [27], graph neural
networks (GNNs) [28], and generative adversarial networks (GANs). GAN is also one of
the mainstream frameworks in computer vision. It works by setting up two networks (usu-
ally a generator and a discriminator) with opposite goals and training them adversarially.
For instance, the generator aims to generate fake images similar to real images, while the
discriminator aims to distinguish whether the input image is real or fake. Many works have
developed image restoration methods based on GAN, such as SRGAN [9], ESRGAN [29],
and Real-ESRGAN [30]. SRGAN and ESRGAN introduce perceptual loss during training
to enhance the visual quality of output images. Real-ESRGAN employs a downsample
network to learn the image degradation in real world, aiming to generate synthetic LR
images which is more suitable for model training. However, despite its advantages, GAN
still suffers from issues like unstable training, difficulty in convergence, and the potential
for generators to take shortcuts, which means it directly outputs the original image.

In recent years, the Transformer has become increasingly popular in computer vision
and has taken a dominant position in most computer vision tasks. The original Trans-



Remote Sens. 2024, 16, 1956 4 of 21

former was initially designed for NLP. With ViT [12] introducing an almost unmodified
Transformer into image classification for the first time, there has been a growing number
of Transformer-based works in the field of computer vision. Due to its ability to learn the
relationships between different blocks in an image, it can focus on regions that are more
important for the results, and this mechanism is usually called attention. The attention
mechanism enables the Transformer to outperform CNNs, achieving impressive results
in areas such as object detection [13,31] and image segmentation [32–34]. Inspired by the
success of the Transformer in other fields, IPT [14], a universal framework based on the
Transformer for various image restoration tasks, was proposed. VSR-Transformer [15]
combines CNN with a Transformer for better feature extraction. SwinIR [16], an SR method
based on Swin Transformer [35], introduces the attention mechanism with shifted win-
dow, allowing the model to have the advantages of both CNNs and Transformers, that
is, strong local feature extraction capability and attention mechanism, thereby producing
state-of-the-art results on multiple datasets.

2.2. Image Super-Resolution for Remote Sensing

Due to the unique value demonstrated by high-quality remote sensing images in
multiple application areas, research on super-resolution for remote sensing images has
gradually attracted more attention. The spatial resolution of remote sensing images is
crucial for downstream tasks. The higher the resolution of the image, the more accurate the
results of downstream tasks such as target detection, change detection, and target tracking.
However, without adding new meaningful information, simply upsampling the image
through interpolation will not lead to better results for downstream tasks. Therefore, a
number of learning-based super-resolution methods have been proposed in the field of
remote sensing, aiming to extract hidden information in pixels to restore high-resolution
remote sensing images.

Different from natural images, due to the far distance between the aircraft and the
ground, remote sensing images cover a wider area and have lower spatial resolution, and
consequently, there are dozens of small targets occurring in remote sensing images, which
poses a challenge for super-resolution. Effectively handling these dense and small targets
that occupy only a few pixels is crucial for achieving higher performance in the super-
resolution for remote sensing images. LGCNet [36] was the first to introduce the SR method
into the realm of remote sensing image. Based on a traditional CNN architecture, it can
effectively extract image features both locally and globally. In [37], a context transformation
layer was designed to capture contextual information in images, replacing the 3 × 3
convolutional layer in CNNs. Inspired by attention mechanisms in SR methods for general
purpose, a compression and activation module with residual connections was designed to
model the attention between channels, enhancing the model’s representational capacity [38].
FeNet [39] constructed a lightweight lattice block (LLB) as a nonlinear feature extraction
module in the network, achieving a balance between model performance and parameters.
HSENet [40] developed a self-similarity utilization module to take advantage of the fact that
there are a large number of similar ground targets in remote sensing images. TransENet [41]
observed that conventional SR methods designed for remote sensing images only focus on
low-dimensional features while neglecting the importance of high-dimensional features
in image restoration. Therefore, TransENet utilizes a multi-scale Transformer to extract
features of different levels, then fuses high-dimensional and low-dimensional features to
guide the generation of SR images.

2.3. State Space Model

With inspiration from classical control theory [42], state space sequence models
(SSMs) [43,44] have recently become a promising architecture for sequence modeling. The
structured state space model (S4) [43] is the pioneer work of efficiently modeling long-
range dependencies with state space models, and it can be illustrated as either CNNs or
RNNs. The S4 model accelerates its training process through parallel computations in the
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form of CNNs, and leverages sequential addition for rapid inference output in the form
of RNNs, contributing to its near-linear scaling in sequence length. Various SSMs [45,46]
have been found effective in fields that deal with continuous data, such as vision and audio.
Lately, Ref. [47] has proposed a SSM with the selective scan mechanism (S6) to address the
limitation in content-based reasoning of previous works. The authors of [21] noticed that
the S6 model was designed to process a 1D sequence, and the “direction-sensitive” issue
occurs while handling images. Therefore, Ref. [21] improves the selective scan mechanism
from 1D to 2D through 2D Selective Scan (SS2D), preserving the directional information of
image data, which is significant for downstream vision tasks. As is shown in Figure 2, SS2D
scans the input features from four directions, generating four one-dimensional sequences
which contain information of different directions. These directions are from top-left to
bottom-right, as well as from bottom-right to top-left, either with row-priority or column-
priority. Four sequences pass through four distinct S6 blocks for self-attention calculation
with near-linear computation complexity, and are eventually aggregated to form the final
output features.

Figure 2. The workflow of 2D Selective Scan (SS2D). The input features are scanned in four directions,
pass through four distinct S6 blocks, and are then aggregated to form the output feature.

3. Methods
3.1. Overview of Network Architecture

As shown in Figure 3, ESatSR consists of three parts: Image Feature Extraction Module,
Spatial Context Interaction Module, and Enhanced Image Reconstruction Module. The
Image Feature Extraction Module outputs shallow features and deep features of the image
through the shallow feature extractor and multiple context-aware residual groups (CARGs).
The Spatial Context Interaction Module acquires multi-scale spatial prior information from
the LR image, then guides the feature extraction process through several sets of spatial
context mixers and spatial context separators, and eventually outputs the spatial context
required for restoring HR images. The Enhanced Image Reconstruction Module utilizes
shallow features and deep features accompanied by spatial context, introduces residual
connections from the front end of the Image Feature Extraction Module, and outputs high
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quality SR images. When the LR image is input into the model, it is divided into three
streams: one flows through the Image Feature Extraction Module, one goes across the
Spatial Context Interaction Module, and one enters into the residual connection. Streams
are aggregated in the Enhanced Image Reconstruction Module and this then generates the
SR image.

Figure 3. An overview of ESatSR’s architecture. (A) Image Feature Extraction Module, including
a shallow feature extractor and several context-aware residual groups performing deep feature
extraction (B) Spatial Context Interaction Module, consisting of a spatial prior information extractor,
and multiple sets of spatial context mixers and spatial context separators to conduct the interaction
with the deep feature extraction process. (C) Enhanced Image Reconstruction Module, utilizing the
outputs of the Image Feature Extraction Module and Spatial Context Interaction Module to generate
the SR result. (D) Spatial prior information extractor, including several convolutional layers to extract
multi-scale spatial information. (E) Example of a spatial context mixer, mixing the image feature with
spatial context. (F) Example of a spatial context separator, utilizing the image feature processed by
the context-aware residual group to generate spatial context for the next mixer.

3.2. Image Feature Extraction Module

The Image Feature Extraction Module consists of two parts: the shallow feature
extractor and deep feature extractor, where the latter is composed of sets of Context-Aware
Residual Groups (CARGs). Given an LR image Ilq ∈ RH×W×C that needs super-resolution,
where H, W, and C represent the image’s height, width, and number of channels, we directly
apply the shallow feature extractor, which is a 3 × 3 convolutional layer that transforms
the input from image dimension into feature dimension. The process can be defined by the
following formula:

SF = hs f e(Ilq) , SF ∈ RH×W×D (1)

where D is the number of feature channels in the network. hs f e(·) represents the 3 × 3
convolution. We added a convolutional layer here to leverage its capability in extracting
local features. After that, we combined the shallow feature SF with the spatial context
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I1
sp and fed them into Context-Aware Residual Groups (CARGs) to obtain deep feature

F1
img ∈ RH×W×D. This process can be described as:

F1
img = hcarg1(SF, I1

lq) (2)

where hcarg1 represents the first context-aware residual group CARG1, which contains N
Residual Vision Mamba Blocks (RVMB), a 3 × 3 convolutional layer, and a residual connec-
tion. Spatial context I1

lq is fused with image feature through element-wise addition. We de-

fine the intermediate variables that are output by N RVMBs as f1, f2, · · · , fn, f1···n ∈ RH×W×D,
the process of outputting F1

img from SF and I1
lq is as follows:

f1 = hrvmb1(SF + I1
sp)

fi = hrvmbi
( fi−1), i = 1, 2, · · · , N

F2
img = hconv( fN) + SF + I1

sp (3)

where hi
rvmb is the ith RVMB, and hconv is the convolution at the end of CARG. The archi-

tecture of RVMB is shown in Figure 4a, which includes two LayerNorms, a VSSBlock, a
convolution layer, and multiple residual connections. Given an input fin ∈ RH×W×D, we
input it into the LayerNorm and the following VSSBlock. The VSSBlock is a core module
in [21], and we introduced it into our network as an alternative to the self-attention com-
putation of regular Transformers. The process of generating fout from fin in RVMB can be
summarized as

fmid = hvssb(LN( fin)) + fin

fout = hconv(LN( fmid)) + fin + fmid (4)

where LN means LayerNorm, and hvssb represents the VSSBlock. The structure of the
VSSBlock is shown in Figure 4b; its input will be divided into two branches: One will
go through a 3 × 3 depth convolution, a Silu activation function, and an SS2D module.
After the output of SS2D is passed through a LayerNorm, another branch is added to the
existing one. This branch consists of a linear layer followed by a Silu activation function.
The outputs of these two branches are combined to produce the result of the VSSBlock.
Given the input Sinput ∈ RH×W×D, the output Sout can be described as

s1 = LN(SS2D(Silu(DWConv(Linear(LN(Sinput))))))

s2 = Silu(Linear(LN(Sinput)))

Sout = s1 + s2 + Sinput (5)

where Linear represents a linear layer, DWConv represents a depth-wise convolution with a
kernel size of 3 × 3, and SS2D is a 2D Selective Scan module (SS2D). We introduce the SS2D
of [21] into our network. Since vanilla mamba [47] was designed for 1D sequences, it cannot
directly process 2D image data. Experiments show that it does not achieve considerable
results if images were directly flattened into 1D tokens like what ViTs do to images. This is
due to the direction sensitivity of mamba, which causes the model’s receptive field to be
severely limited [21]. The SS2D module makes vanilla mamba more suitable for image data
based on prior knowledge of computer vision. Specifically, instead of directly flattening the
image, SS2D scans the image from four directions and obtains four 1D sequences: upper left
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to lower right, upper right to lower left, lower left to upper right, and lower right to upper
left. Sequences processed in this way contain position information of each direction. Then
each sequence will perform attention computation through an S6 Block [47], respectively.
Finally, these four outputs are aggregated as the 2D image features. Eventually, after N
CARGs, we can obtain the final deep features as

FN
img = hcargn(FN−1

img , IN
sp) (6)

The deep features Fn
img can then be utilized by the Enhanced Image Reconstruction

Module to produce SR images.

Figure 4. Components of CARG. (a) The architecture of Residual VMamba Block (RVMB). The
convolution is used here to enhance the capability of local feature extraction. (b) The details of the
Visual State Space Block (VSSBlock), consisting of the 2D Selective Scan Module (SS2D), depth-wise
convolution, and Silu activation function.

3.3. Spatial Context Interaction Module

Inspired by [48], we used convolution to introduce spatial local information into
our network. We designed a Spatial Context Interaction Module to introduce image-
related prior knowledge. Meanwhile, we noticed that processing features across different
scales allows the model to acquire the capability of effectively capturing small targets [49].
Therefore, we designed the spatial context to be in a multi-scale fashion. The Spatial
Context Interaction Module contains a spatial prior information extractor (SPIE), N spatial
context mixers (SCM), and N spatial context separators (SCS). SCM and SCS are arranged
in a crosswise manner. An SCM with the following SCS can be regarded as a group, and
each group has a corresponding Context-Aware Residual Group (CARG).

Initially, the spatial prior information acquired by the SPIE enters the first SCM,
together with image features processed by the shallow feature extractor. The SCM mixes
spatial context and image features, and passes the fused feature to the corresponding
CARG. The SCS obtains the output of CARGs as references and updates spatial context
by separating information from the former spatial context and references. In the end,
the spatial context output by the last SCS is used by the Enhanced Image Reconstruction
Module to help generate high-quality SR images.
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3.3.1. Spatial Prior Information Extractor

The architecture of the spatial prior information extractor (SPIE) is shown in Figure 5.
Through SPIE, we extracted the raw spatial prior information from the LR image. Given
the channel number of feature D and the input image Ilq ∈ R(3×H×W), we initially used
three 3 × 3 convolutions and a max pooling layer to extract spatial features, and then
used three 3 × 3 convolutions with stride 2 and kernel size 3 to increase channel numbers
and reduce the size of the feature map. The output of each convolution is mapped from
the original spatial feature dimension to the spatial contextual dimension D through a
1 × 1 convolution.

Figure 5. The architecture of the Spatial Prior Information Extractor, including several convolutional
layers. It extracts multi-scale spatial prior information from the LR image.

In order to interact with the Image Feature Extraction Module, we flattened the spatial
contextual information of three different scales into three 1D sequences and concatenated
them together to obtain the spatial prior information I1

sp. Since each convolution reduces
the size of feature maps by half, we can obtain the spatial contextual information at the
scales of 1

8 , 1
16 , and 1

32 . The shape of concatenated spatial prior information I1
sp can be noted

as (D, ( 1
82 +

1
162 +

1
322 )HW). I1

sp is then passed to the spatial context mixer, participating in
the interaction between spatial context and image feature.

3.3.2. Spatial Context Mixer

As shown in Figure 6a, the Spatial Context Mixer (SCM) conducts the fusion of fine-
grained spatial context and image features through cross attention. For the nth SCM, we
take the output In

sp of the n − 1th SCS as the key and value in the attention computation.
Then, a 16 × 16 convolution is used to obtain patches of image feature as the query. Given

image feature Fn
img ∈ RH×W×D and spatial context In

sp ∈ R( 1
82 +

1
162 +

1
322 )×D, the mixing

process between spatial context and image feature can be described as:

Mixn
(Fn

img ,In
sp)

= γ · htransconv(CrossAttention(hconv(Fn
img), In

sp)) (7)
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where hconv is a 16 × 16 convolution, extracting patches of size ( 1
16 H, 1

16 W). htransconv is
a 16 × 16 transpose convolution, which aims to keep the output’s size consistent with
image features. CrossAttention is the calculation of cross attention. Sparse attention is used
here to reduce the complexity of the computation. Finally, since the mixed information is
directly added to the original image feature, we use a learnable parameter γ to control the
weight of the mixed information.

Figure 6. Components of the Spatial Context Interaction Module. (a) The architecture of spatial
context mixer. A cross attention is performed, where the spatial context is used as the key and value,
while the image features processed by a 16 × 16 convolutional layer is used as the query. (b) The
architecture of spatial context separator. A cross attention is performed, where the spatial context is
used as the query, while the image features processed by the corresponding CARG and a 16 × 16
convolutional layer is used as the key and value.

3.3.3. Spatial Context Separator

Figure 6b shows the architecture of Spatial Context Separator (SCS). It attempts to
update spatial context by separating information from image features and previous spatial
context. SCS also includes a cross attention computation. Different from SCM, SCS will use
the image feature processed by CARG as the reference, and use the spatial context as the
query to update spatial context for the next SCM. For the nth SCS, the spatial context In

sp is
the query, and the image features output by the corresponding CARG will go through a
16 × 16 convolution then serve as the key and value. Given image features Fn

img ∈ RH×W×D

and spatial context In
sp ∈ R( 1

82 +
1

162 +
1

322 )×D, the process of producing the updated spatial
context In+1

sp can be summarized as:

In+1
sp = In

sp + CrossAttention(In
sp, hconv(Fn

img)) (8)

where hconv is a 16 × 16 convolution, extracting patches of size ( 1
16 H, 1

16 W). Unlike SCM,
the result of attention computation is directly added to the previous spatial context. This
is because the jitter of image features will significantly affect the quality of image recon-
struction. Therefore, we carefully control the changing of image features while applying a
normal influence on the spatial context.

3.4. Enhanced Image Restoration Module

The workflow of the Enhanced Image Reconstruction Module is shown in Figure 7.
Deep features and spatial context are used as the input of this module. The 1D spatial
context is divided into three segments, with the length of 1

8 HW, 1
16 HW, and 1

32 HW. Then
we rearrange these three segments into 2D feature maps z1, z2, and z3. A progressive
upsample network is applied to these feature maps. To be specific, given the spatial context

In
sp ∈ R(D,( 1

82 +
1

162 +
1

322 )HW), we initially divide In
sp into three 1D sequences with the ratio of

4:2:1, and the sequences are z′1 = (D, 1
82 HW), z′2 = (D, 1

162 HW)), and z′3 = (D, 1
322 HW).

Then z′1, z′2, and z′3 are sequentially scanned and rearranged into 2D feature maps
z1 = (D, 1

8 H, 1
8 W), z2 = (D, 1

16 H, 1
16 W), and z3 = (D, 1

32 H, 1
32 W). z3 is upsampled by
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a factor of two, and element-wisely added to z2 to obtain zmid. zmid is then upsampled
by a factor of two, and then added to z1 to obtain zout ∈ R(D, 1

8 H, 1
8 W). zout integrates spa-

tial context of three scales and can compensate for fine-grained information of multiple
scales for image restoration. We upsample feature maps through a PixelShuffle and a
convolution. The process of obtaining output zout from input In

sp can be expressed by the
following formula:

z′1, z′2, z′3 = split(In
sp)

z1, z2, z3 = unembed(z′1), unembed(z′2), unembed(z′3)

zout = h2x↑(h2x↑(z3) + z2) + z1 (9)

where split(·) means splitting the spatial context according to the ratio of 4:2:1. unembed(·)
represents the restoration of 1D spatial context into 2D feature maps. h2x↑ represents
upsampling by a factor of 2 through a convolution and a PixelShuffle. Then the deep
feature FN

img, the multi-scale spatial context zout, and the LR image input xLR are added,
upsampled to the target image shape and transferred from the feature dimension to the
image dimension. This process can be expressed as

xSR = hconv2(h↑(hconv1(FN
img + αzout + βxLR))) (10)

where α and β are the learnable weights that control the proportion of multi-scale spatial
context zout and LR image input xLR during the reconstruction process. The feature is
upsampled by hconv1 and h↑. hconv2 is the last layer of the network, which generates the
reconstructed SR image xSR ∈ R(3,H,W).

Figure 7. The architecture of enhanced image restoration module. The feature map is upsampled
through convolution and PixelShuffle. Spatial context at three scales are fused with each other in a
step-wise upsampling process. The multi-scale spatial context, low-resolution input, and deep image
features are first upsampled and then input into a convolution layer to transfer from the feature
dimension to the image dimension, producing the SR image.

4. Experiments

In this section, we conduct a series of experiments to illustrate the performance of our
model. ESatSR is compared against popular image restoration methods and SR models
specifically designed for remote sensing images, including ECBSR, EDSR, RCAN, SwinIR,
LGCNet, CTN, HSENet, EEGAN, and MHAN. These models are trained on DIV2K dataset
and fine-tuned on OLI2MSI and RSSCN7, respectively. Then, we apply both qualitative
and quantitative comparisons among them. In the end, an ablation study is set to find the
impact of the number of modules on model performance, and delve into the effectiveness
of Spatial Context Interaction Module and Enhanced Image Reconstruction Module.

4.1. Datasets

We performed our experiments on three public datasets, as follows:

• DIV2K [50]: The DIV2K dataset includes 800 training images, 100 validation images,
and 100 test images, all of which have 2K resolution. We divided the images into
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480 × 480 sub-images with non-overlapping regions, and obtained LR images through
bicubic downsampling.

• OLI2MSI [51]: The OLI2MSI is a real-world remote sensing image dataset, containing
5225 training LR-HR image pairs and 100 test LR-HR image pairs. The HR images
have 480 × 480 resolution and the LR images have a resolution of 180 × 180. The
LR images are ground images with a spatial resolution of 30 m, captured by the
Operational Land Imager Landsat-8 satellite, and the HR images are ground images
with a spatial resolution of 10 m, captured by the Multispectral Instrument Sentinel-2
satellite. Since the original scale factor of the dataset is 3, we used bicubic to obtain LR
images for other scale factors.

• RSSCN7 [52]: The RSSCN7 contains 2800 remote sensing images collected from Google
Earth, covering various classic remote sensing scenarios, including grasslands, forests,
fields, lakes, parking lots, residential areas, and factory areas. Bicubic is used here to
generate corresponding LR images.

The models were initially trained on the DIV2K dataset, and then fine-tuned on
OLI2MSI and RSSCN7 datasets, respectively. For OLI2MSI, we used the 100 test LR-HR
image pairs to assess model performance. For RSSCN7, we divided the dataset into training
set, validation set, and test set in a ratio of 7:2:1, and the model was evaluated on the test set.

4.2. Comparison Methods

To evaluate the performance of ESatSR, we conducted comparisons with several
state-of-the-art super-resolution algorithms, including four image restoration methods and
five SR algorithms tailored for remote sensing images, as follows:

1. ECBSR [53]: ECBSR is a lightweight SR model built with ECB, which is an im-
proved convolution block. After replacing simple convolutional layers with ECB, the
model’s inference is sped up, and the performance is also comparable to the popular
SR methods.

2. EDSR [25]: Based on SRResNet [9], EDSR removes the redundant BatchNorms and
simplifies the network structure, which enables the network to be deeper and con-
tributes to improved performance.

3. RCAN [20]: RCAN proposes a Residual-in-Residual module that can be used to build
a deeper residual network. A channel attention mechanism is also added to RCAN to
enhance the representation ability.

4. SwinIR [16]: Introducing shifted window into the field of image restoration, SwinIR
utilizes the attention among windows to enhance its local feature extraction capability,
demonstrating state-of-the-art performance.

5. LGCNet [36]: LGCNet fuses the outputs of different convolutional layers, which can
improve the quality of SR images.

6. CTN [37]: CTN extracts image features through a hierarchical architecture. Through a
context aggregation module, the features are enhanced and combined to reconstruct
SR images.

7. HSENet [40]: An observation of remote sensing images is that lots of similar targets
usually occur concurrently. To take advantage of that, HSENet designed a self-
similarity utilization module to calculate the correlation of features at the same scale.
Residual connections are set so that the network can refer to the features of similar
targets in other scales during image reconstruction.

8. EEGAN [54]: The usual GAN-based method produces a high-resolution result that
looks sharp but is eroded with artifacts and noises. EEGAN uses edge-enhancement
sub-networks to extract and enhance the image contours by purifying the noise-
contaminated components with mask processing. The contours and purified image
are combined to generate the final SR output.

9. MHAN [55]: MHAN consists of two sub-networks bridged by a frequency-aware
connection. One network is responsible for feature extraction, and it replaces the
element-wise addition with weighted channel-wise concatenation in all skip connec-
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tions, greatly facilitating the flow of information. The other network introduces a
high-order attention module instead of the usual spatial or channel attention to restore
missing details. MHAN exhibits superior performance among various SR methods
tailored for remote sensing images.

4.3. Implementation Details

All experiments were implemented with Pytorch [56] framework and run on a NVIDIA
RTX 3090 GPU. We applied data augmentation on datasets, including horizontal flipping
and random rotations of 90°, 180°, and 270°. Then we cropped the image into 64 × 64
patches for super-resolution. We calculated FLOPs and the number of parameters when
the size of HR was fixed to 384 × 384. The batch size was set to 8 for fair comparisons
among different methods. The channel number is 180. The Adam optimizer [57] was
applied with β1 = 0.9 and β2 = 0.999. The initial learning rate is 2 × 10−4 and is halved
when the training process reaches 1

2 , 3
4 and 7

8 . We trained all models for 50 epochs. The
number of context-aware residual groups (CARGs) is set to six, and each CARGs consists
of six RVMBs. Every CARG has a corresponding group, which contains a spatial context
mixer and a spatial context separator.

4.4. Quantitative and Qualitative Comparisons

We conducted experiments on the OLI2MSI and RSSCN7 datasets. PSNR [58], SSIM [58],
and LPIPS [59] were employed as metrics to evaluate performance for methods mentioned
above. All methods were developed for both scale factor 2 and scale factor 3, respectively.

Table 1 shows the quantitative results of ESatSR and other comparison methods
with a scale factor of 2. As can be seen, when trained on DIV2K and fine-tuned on
OLI2MSI or RSSCN7, ESatSR demonstrates the best performance among all compared
methods, with 31.4243 dB PSNR and 0.8267 dB SSIM on RSSCN7 and 42.1131 dB PSNR
and 0.9784 SSIM on OLI2MSI. The PSNR gain achieved is 0.22 dB on RSSCN7. All CNN-
based methods perform worse than ESatSR and SwinIR, while SwinIR shows sub-optimal
performance in all methods. Qualitative comparisons are shown in Figures 8 and 9. Due to
the content-irrelevant convolution, most CNN-based methods generate blurry and noisy
images. SwinIR produces better images compared to CNN-based methods; however, it
suffers from the limitation of receptive fields, resulting in a slightly blurry border. ESatSR
utilizes multi-scale spatial context to restore fine-grained high-frequency details, which
contributes to images with sharper and clearer edges.

Table 1. Quantitative comparison with state-of-the-art methods on OLI2MSI (×2) and RSSCN7 (×2).
The methods in the upper part are image restoration methods, while methods in the lower part are
SR algorithms tailored for remote sensing images. The bold text denotes the best performance.

Method FLOPs #Param
RSSCN7 ×2 OLI2MSI ×2

PSNR SSIM LPIPS PSNR SSIM LPIPS

ECBSR [53] 1.334 G 0.036 M 28.5243 0.7759 0.1298 38.1320 0.9453 0.0547
EDSR [25] 398.629 G 10.806 M 29.8445 0.8053 0.1169 40.6730 0.9721 0.0346
RCAN [20] 496.414 G 13.559 M 29.9278 0.8071 0.1146 40.8589 0.9730 0.0331
SwinIR [16] 432.409 G 11.704 M 31.2012 0.8147 0.1176 41.9301 0.9779 0.0336

ESatSR (Ours) 624.507 G 23.751 M 31.4243 0.8267 0.1145 42.1131 0.9784 0.0335

CTN [37] 9.412 G 0.349 M 28.7204 0.7811 0.1196 38.3098 0.9501 0.0394
LGCNet [36] 222.695 G 6.042 M 29.1485 0.7822 0.1174 38.5721 0.9529 0.0541
HSENet [40] 150.332 G 5.286 M 29.7957 0.8035 0.1153 40.4228 0.9708 0.0341
EEGAN [54] 214.248 G 5.686 M 30.5782 0.8105 0.1169 41.5793 0.9714 0.0338
MHAN [55] 416.803 G 11.203 M 30.9461 0.8148 0.1156 41.8747 0.9760 0.0342

ESatSR (Ours) 624.507 G 23.751 M 31.4243 0.8267 0.1145 42.1131 0.9784 0.0335
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Figure 8. Qualitative comparison among ESatSR and other SR methods on the OLI2MSI(×2) dataset.
For each image, the content in the yellow box has been upsampled and placed into the red box for bet-
ter viewing. The methods include: (a) ECBSR, (b) EDSR, (c) RCAN, (d) SwinIR, (e) LGCNet, (f) CTN,
(g) HSENet, (h) EEGAN, (i) MHAN, and (j) ESatSR.

Figure 9. Qualitative comparison among ESatSR and other SR methods on the RSSCN7(×2) dataset.
For each image, the content in the yellow box has been upsampled and placed into the red box for
better viewing. The methods include: (a) ECBSR, (b) EDSR, (c) RCAN, (d) SwinIR, (e) LGCNet,
(f) CTN, (g) HSENet, (h) EEGAN, (i) MHAN, and (j) ESatSR.
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Table 2 shows the quantitative results of ESatSR and other methods with a scale factor of
3. Because OLI2MSI ×3 is a real-world dataset, the degradation of images is more complex and
each method shows a significant decrease in metrics. Despite that, ESatSR still achieves the best
performance, with 29.2552 dB PSNR and 0.7262 dB SSIM on RSSCN7 and 35.1744 dB PSNR and
0.9276 SSIM on OLI2MSI. The PSNR gain reaches 0.27 dB on OLI2MSI. SwinIR produces the
sub-optimal result. CTN and HSENet outperform some image restoration methods on OLI2MSI
×3, which may be attributed to their modules tailored for remote sensing images, enhancing their
performance on real-world datasets. Qualitative comparisons are shown in Figures 10 and 11.
Even though the scale factor is larger, ESatSR can obtain images with detailed texture and sharp
edges, while most CNN-based methods suffer from blur and unsatisfactory artifacts. And SwinIR,
as the sub-optimal method, produces competitive images with slight blurring and distortions.

Table 2. Quantitative comparison with state-of-the-art methods on OLI2MSI(×3) and RSSCN7(×3).
The bold text denotes the best performance.

Method FLOPs #Param
RSSCN7 ×3 OLI2MSI ×3

PSNR SSIM LPIPS PSNR SSIM LPIPS

ECBSR [53] 0.593 G 0.362 M 26.2436 0.6492 0.1814 31.7960 0.8282 0.1168
EDSR [25] 201.454 G 12.265 M 27.7112 0.6965 0.1686 33.0270 0.9119 0.1012
RCAN [20] 223.416 G 13.721 M 27.7572 0.6981 0.1745 33.2142 0.9177 0.1004
SwinIR [16] 195.343 G 11.889 M 29.0517 0.7150 0.1690 34.9030 0.9268 0.0956

ESatSR (Ours) 280.720 G 23.756 M 29.2552 0.7262 0.1624 35.1744 0.9276 0.0951

CTN [37] 5.835 G 0.349 M 26.5870 0.6511 0.1763 32.2243 0.8404 0.1128
LGCNet [36] 98.975 G 6.042 M 26.6685 0.6526 0.1676 32.2528 0.8441 0.1170
HSENet [40] 69.976 G 5.470 M 27.6348 0.6925 0.1672 33.3470 0.9098 0.1150
EEGAN [54] 152.269 G 5.870 M 28.5782 0.7052 0.1691 34.5793 0.9114 0.1029
MHAN [55] 191.427 G 11.387 M 28.9461 0.7109 0.1647 34.8747 0.9160 0.0913

ESatSR (Ours) 280.720 G 23.756 M 29.2552 0.7262 0.1624 35.1744 0.9276 0.0951

Figure 10. Qualitative comparison among ESatSR and other SR methods on the OLI2MSI(×3) dataset.
For each image, the content in the yellow box has been upsampled and placed into the red box for
better viewing. The methods include: (a) ECBSR, (b) EDSR, (c) RCAN, (d) SwinIR, (e) LGCNet,
(f) CTN, (g) HSENet, (h) EEGAN, (i) MHAN, and (j) ESatSR.
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Figure 11. Qualitative comparison among ESatSR and other SR methods on the RSSCN7(×3) dataset.
For each image, the content in the yellow box has been upsampled and placed into the red box for
better viewing. The methods include: (a) ECBSR, (b) EDSR, (c) RCAN, (d) SwinIR, (e) LGCNet,
(f) CTN, (g) HSENet, (h) EEGAN, (i) MHAN, and (j) ESatSR.

4.5. Ablation Studies

For ablation studies, ESatSR was trained on DIV2K and fine-tuned on OLI2MSI. The
scale factor was set to 2, and the evaluation was conducted on test images of OLI2MSI with
PSNR and SSIM as the metrics.

4.5.1. The Effectiveness of Spatial Context Interaction Module

We delved into the contribution of each design, including the Spatial Prior Information
Extractor (SPIE), Spatial Context Mixer, and Spatial Context Separator of Spatial Context
Interaction Module (SCIM). As is shown in Table 3, simply employing RVMBs results
in performance similar to SwinIR. By introducing the spatial prior, Variant 1 achieves a
slight improvement. Variant 2 applies spatial context mixers to enhance image features,
which improves performance by 0.08 PSNR. From Variant 3, we can see that the separators
are added and gain 0.04 PSNR, which demonstrates the effectiveness of updating spatial
context along with image features concurrently. In conclusion, by applying SCIM, our
method gains an improvement of 0.13 PSNR.
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Table 3. The effectiveness of SCIM and EIRM. SPIE, Mixer, and Separator are the components of SCIM.
“Single” means EIRM only uses spatial context of the coarsest scale. “Multi” means the spatial context
will be progressively upsampled. SCIM, EIRM, and SPIE are short for Spatial Context Interaction
Module, Enhanced Image Reconstruction Module, and Spatial Prior Extractor.

Setting SCIM EIRM PSNR SSIMSPIE Mixer Separator

baseline 41.9583 0.9771
Variant 1

√
Single 41.9613 0.9772

Variant 2
√ √

Single 42.0493 0.9778
Variant 3

√ √ √
Single 42.0855 0.9782

ESatSR (Ours)
√ √ √

Multi 42.1131 0.9784

4.5.2. The Effectiveness of Enhanced Image Reconstruction Module and the Multi-Scale
Design of Spatial Context

The Enhanced Image Reconstruction Module (EIRM) utilizes spatial context from
SCIM. As is shown in Table 3, there are two settings of EIRM. “Single” means EIRM is
not activated, and only the coarsest spatial context at 1

8 scale is used across the network.
“Multi” means EIRM is applied and multi-scale fine-grained spatial context will be utilized.
It can be concluded from the results that, compared to Variant 3, our ESatSR uses spatial
context of all scales through progressively upsampling, and boosts the performance by 0.03
PSNR. This demonstrates that the multi-scale design of spatial context will enhance the
model’s ability of extracting features of small objects, and the effectiveness of EIRM has
also been proven.

4.5.3. The Impact of Channel Number, RVMB Number, and CARG Number

The impact of channel number, RVMB number, and CARG number on the model’s
performance is demonstrated in Figure 12 and Table 4. It can be concluded that the PSNR
is mainly positively correlated with these hyperparameters. The performance shows a
consistent improvement with the increase in channel number. For RVMB number and
CARG number, the PSNR tends to increase gradually with RVMB and CARG numbers
growing and then reaches a plateau. To balance model size and performance, we select 180
as the channel number of our model, though performance will continue to improve if more
channels could be used. With the observation that the performance becomes saturated if
RVMB number and CARG number keep growing, we choose six RVMBs for each CARG
and six CARGs in total to maintain a relatively reasonable model size.

Figure 12. Ablation studies on different settings of ESatSR. Results are tested on OLI2MSI with scale
factor 2. We use V4 in Table 4 as the default setting, and the number of corresponding components
will change when the version is different.
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Table 4. Different Settings of ESatSR.

Setting Channel Number RVMB Number CARG Number

V1 90 1 1
V2 120 2 2
V3 150 4 4
V4 180 6 6
V5 210 8 8
V6 240 10 10

5. Discussion

We introduced 2D Selective Scan to SR methods for remote sensing images, and
exploited spatial context for further enhancement. Previous CNN-based methods suffer
from a limited receptive field, resulting in blur and artifacts in images (Figures 8–11).
SwinIR has a wide receptive field due to the efficacy of self-attention mechanism. However,
lacking prior assumptions, it shows inferior performance in downstream dense prediction
tasks and produces sub-optimal results in our experiments. By introducing SS2D as an
alternative to the Transformer’s attention mechanism, ESatSR can obtain an extensive
receptive field similar to Transformers, and gains an enhanced capability in modeling long-
range dependencies [21]. Meanwhile, we designed the SCIM to introduce image-related
prior knowledge, addressing the lack of prior assumptions. Multi-scale spatial context
interacts with image features to compensate for information of small objects.The EIRM is
applied to utilize spatial context to restore images. By applying these enhancements, ESatSR
demonstrates superior performance to other methods, as illustrated in Tables 1 and 2. A
series of ablation studies were conducted and the results are shown in Table 3 and Figure 12,
demonstrating the effectiveness of SCIM and EIRM.

While introducing spatial context brings performance improvements, the interaction
between spatial context and image features needs to be optimized. To save the computa-
tional cost of cross attention, we applied a 16 × 16 convolution to extract image features
into patches. Then, the result of cross attention was restored to their original shape by a
16 × 16 transpose convolution. This process of convolution and transpose convolution
would inevitably hinder the representation of spatial context, leading to reduced perfor-
mance. Meanwhile, the model’s capability to handle real-world degradation has not been
explored. A network modeling complex degradation could be used as a prior module for
our methods, adapting the model to real-world datasets. Moreover, our experiments focus
on remote sensing images due to task requirements. Future research can be conducted for
general images to demonstrate the robustness and generalization ability of ESatSR.

6. Conclusions

In this paper, we propose a novel SR method for remote sensing images, named
ESatSR, to address the limitations of previous SR works, including limited receptive fields
and the lack of prior assumptions, while leveraging the multi-scale spatial context to
enable our method effectively capturing features of small targets in satellite remote sensing
images. ESatSR consists of three parts, the Image Feature Extraction Module, Spatial
Context Interaction Module, and Enhanced Image Reconstruction Module. Extensive
experiments on various datasets show that ESatSR can produce high-quality SR images and
achieve state-of-the-art performance. In the future, our work will focus on designing an
efficient cross attention mechanism for spatial context interaction. We will also improve the
model’s capability to restore images with unknown degradation, exploring the potential of
state space model in real-world image SR tasks. Our code and models will be released at
https://github.com/Yosagai/ESatSR (accessed on 28 May 2024).

https://github.com/Yosagai/ESatSR
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