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Abstract

Remote Sensing Image Super-Resolution (RSISR) plays a vital role in enhancing the spatial details
and interpretability of satellite imagery. However, existing methods often struggle to recover fine
textures and high-frequency information effectively. In this paper, we propose a frequency-aware
super-resolution network for remote sensing images, termed FASwinNet. The network introduces
an Enhanced High-Similarity-Pass Attention (EHSPA) module, which improves high-frequency de-
tail modeling through a similarity-aware mechanism guided by edge and positional information.
Additionally, we design an Octave-based Residual Attention Block that explicitly separates and op-
timizes high and low-frequency features, further enhancing texture reconstruction. Experimental
results demonstrate that FASwinNet outperforms state-of-the-art methods in both visual quality and
quantitative metrics, achieving the best PSNR and SSIM performance on the AID and UCMerced
datasets.

Keywords: remote sensing; super resolution; frequency-aware network

1. Introduction
Remote Sensing Image Super-Resolution (RSISR) [1] is a long-standing low-level vision problem

that aims to reconstruct high-resolution (HR) remote sensing images from their low-resolution (LR)
counterparts. Remote sensing images are widely used in applications such as land cover classification,
environmental monitoring, and urban planning. However, the spatial resolution of raw satellite
imagery is often limited due to hardware, bandwidth, and other environmental constraints, preventing
satellite sensors from capturing images at the desired high spatial resolution. As an alternative
solution, image super-resolution (SR) has attracted significant attention in the field of remote sensing.
SR techniques effectively leverage one or multiple LR images to generate corresponding HR outputs,
offering advantages such as cost efficiency and the ability to recover historical data. Consequently, SR
has become a prominent research focus in the domain of remote sensing.

Recent advances in deep learning have led to significant progress in remote sensing image super-
resolution (RSISR) [1]. Deep learning techniques are increasingly applied to image super-resolution
tasks[2–9]. However, due to the limited receptive field, convolutional neural networks (CNNs) tend to
focus only on local regions of an image. Recently, Transformers [10], which have achieved great success
in natural language processing, have gained considerable attention in the vision community. With
the rapid development of high-level vision tasks [11–13], Transformer-based methods have also been
introduced to low-level vision problems [14–16] and super-resolution (SR) tasks [17,18]. In particular,
the SwinIR [18] architecture demonstrates impressive capability in modeling long-range dependencies.

Nevertheless, most existing methods primarily emphasize global context modeling while paying
insufficient attention to high-frequency textures, edge structures, and frequency-aware feature fusion.
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These limitations hinder their ability to reconstruct high-definition images with rich details and
textures. To address the aforementioned challenges, we propose a Frequency-Aware Swin Transformer
Network (FASwinNet), specifically designed for remote sensing image super-resolution (RSISR). This
network aims to more effectively exploit frequency-domain features, edge information, and contextual
modeling capabilities.

Built upon the SwinIR framework [18], we introduce the Enhanced High-Similarity-Pass Attention
(EHSPA) module, which incorporates Sobel edge information and spatial positional encoding to guide
the model’s attention toward structurally critical regions. By leveraging spatial similarity matching
and a soft-thresholding sparsity mechanism, EHSPA explicitly enhances the representation of high-
frequency components, significantly improving the reconstruction quality of edges and textures in
remote sensing images.

At the same time, we design the Octave-based Residual Attention Block (ORAB) based on the
improved Octave Convolution concept [19], which explicitly decomposes feature representations
into high-frequency and low-frequency channels for separate modeling and enhancement. In the
high-frequency branch, High-Frequency Residual Enhancement and Efficient Localization Attention
(ELA) [20] are incorporated to boost texture representation, while the low-frequency branch retains the
global structural and semantic information of the image. This decoupled modeling enables effective
fusion of frequency-specific features, facilitating more accurate and detailed image reconstruction.The
main contributions of this paper are as follows:

• A frequency-aware super-resolution framework, FASwinNet, is proposed for remote sensing
images, integrating frequency-domain modeling and attention mechanisms to enhance recon-
struction quality.

• An Enhanced High-Similarity-Pass Attention (EHSPA) module is designed to guide the network
toward structurally significant high-frequency regions, thereby enhancing the restoration of fine
details in reconstructed images.

• An Octave-based Residual Attention Block (ORAB) is proposed to perform frequency-separated
processing and fusion, effectively enhancing the network’s feature representation capability.

2. Related Work
2.1. Remote Sensing Image Super-Resolution

Recent remote sensing image super-resolution (RSISR) methods can be broadly categorized into
CNN-based and Transformer-based approaches. Early methods such as SRCNN and EDSR leveraged
convolutional neural networks (CNNs) to progressively improve reconstruction quality. In recent
years, the remarkable success of Transformers in natural language processing (NLP) has led to their
widespread adoption in computer vision tasks. For high-level vision applications such as image
classification, object detection, and semantic segmentation, Transformer-based methods [11,12,21–30]
have demonstrated outstanding performance.

Among them, the Vision Transformer (ViT) was the first pure Transformer model applied to visual
tasks. By dividing images into fixed-size patches and performing sequential modeling, ViT enables
end-to-end feature extraction and global context modeling, achieving state-of-the-art results on several
benchmark datasets [11,13]. SwinIR [18] introduced a hierarchical feature extraction and restoration
architecture based on the Swin Transformer, employing a sliding window mechanism. This design
efficiently captures both local and non-local dependencies while maintaining computational efficiency,
providing a strong backbone for visual restoration tasks.

2.2. Image Restoration Using Swin Transformer

Swin Transformer for Image Restoration (SwinIR) is the first model to successfully introduce the
Swin Transformer architecture into the field of image restoration, marking a significant breakthrough
for Transformer-based methods in low-level vision tasks [11]. SwinIR inherits the core design principles
of the Swin Transformer, incorporating a hierarchical structure and a local window-based self-attention
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mechanism. This design enables efficient computation while effectively modeling both local and
global dependencies. SwinIR has been widely applied to various tasks such as super-resolution,
image denoising, and compressed sensing recovery, achieving state-of-the-art performance across the
board.The architecture of SwinIR primarily consists of the following key components:

Shallow Feature Extraction: As shown in Equation (1), a single convolutional layer is applied to
the input low-resolution image to extract shallow features, providing an effective initial representation
for the subsequent Transformer layers.

Deep Feature Extraction: As shown in Equation (2), this part consists of multiple Residual Swin
Transformer Blocks (RSTBs), each of which contains several Swin Transformer layers and introduces
residual connections at the block level to enhance feature propagation and gradient flow. The stacked
RSTB structure endows the model with stronger representational capacity.

Image Reconstruction: As shown in Equation (4), the deep features are reconstructed into a
high-resolution image through an upsampling module (e.g., PixelShuffle).

Window-based Self-Attention: this mechanism performs multi-head self-attention (W-MSA)
within fixed-size local windows and introduces a window-shifting strategy (SW-MSA) to capture
cross-window contextual information. This design significantly reduces computational costs, enabling
SwinIR to efficiently process large-scale images.

Although SwinIR has achieved state-of-the-art performance in various image restoration tasks,
it still faces significant challenges when applied to high-resolution and structurally complex remote
sensing images. Remote sensing imagery is characterized by rich high-frequency textures, distinct edge
structures, and large-scale repetitive patterns, which impose stringent requirements on the model’s
capacity for effective feature representation [31,32]. While SwinIR improves computational efficiency
via its local window-based self-attention mechanism, it exhibits inherent limitations in frequency
modeling and edge reconstruction.

Firstly, SwinIR’s ability to model high-frequency components remains constrained. Its attention
mechanism primarily operates within localized windows and lacks explicit mechanisms to capture and
enhance high-frequency details such as fine textures and edge signals, often leading to reconstructed
images with oversmoothed textures and blurred edges. Secondly, the network architecture is pre-
dominantly designed in the spatial domain without explicit disentanglement or differential modeling
of high- and low-frequency information, thereby limiting its capability to comprehensively learn
frequency-specific features. Lastly, the model demonstrates insufficient sensitivity to edge regions and
does not explicitly guide the attention towards structurally salient areas within remote sensing images
(e.g., building outlines, road edges), which adversely affects the preservation of structural fidelity and
overall reconstruction quality.

Therefore, despite the strong Transformer backbone provided by SwinIR, its full potential in re-
mote sensing image super-resolution has yet to be fully realized. To further enhance the reconstruction
of structural details and fine textures, it is imperative to integrate frequency-aware and edge-focused
mechanisms into the SwinIR framework, thereby facilitating high-quality and high-fidelity image
restoration.

3. Methods
To address the challenges of remote sensing image super-resolution (RSISR) [1], we aim to

design an efficient Transformer-based framework with enhanced frequency modeling and detail
reconstruction capabilities. To this end, we propose the Frequency-Aware Swin Transformer Network
(FASwinNet), which integrates frequency-aware attention mechanisms and a high–low frequency
feature decoupling strategy to improve reconstruction performance. In this section, we first present
the overall architecture of the proposed FASwinNet. We then provide a detailed description of its
two core components: the Frequency-Aware Attention Block (FAB), which facilitates the recovery of
fine high-frequency details, and the Octave-based Residual Attention Block (ORAB), which enables
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effective frequency-domain feature modeling. Finally, we describe the loss functions and optimization
strategies used during training.

3.1. Network Architecture

As illustrated in Figure 1, the overall architecture of the proposed network consists of three main
stages: shallow feature extraction, deep feature extraction, and image reconstruction. This architectural
paradigm has been widely adopted in prior works [6,18], and our design follows the overall structure
of SwinIR [18].

Figure 1. Quantitative comparison of parameter count and PSNR performance among different remote sensing
image super-resolution methods on the AID test set.

Specifically, we denote the low-resolution input and the super-resolved output of the network
as ILR and ISR, respectively.Given a low-resolution input image ILR ∈ RC×H×W , where C, H, and W
denote the number of channels, height, and width of the image respectively, , we employ a 3 × 3
convolutional layer HSF(·) to extract shallow features. The resulting feature map F0 ∈ RC×H×W is
computed as follows:

F0 = HSF(ILR) (1)

Convolutional layers are well-suited for early-stage visual processing and provide an efficient
means of mapping input images from the spatial domain to a higher-dimensional feature space. Based
on this observation, we feed the shallow feature map F0 into a deep feature extraction module, denoted
as HDF(·). This allows the network to extract more complex and abstract representations. The resulting
deep feature map FDF ∈ RC×H×W is computed as follows:

FDF = HDF(F0) (2)

The resulting deep feature map FDF primarily captures high-frequency information. It is obtained
through a sequence of K Residual Frequency-aware Attention Groups (RFAG) followed by a 3 × 3
convolutional layer. Specifically, the intermediate features F1, F2, . . ., FK and the final deep feature FDF

are extracted in a block-wise manner as follows:

Fi = HRFAG(Fi-1), i = 1, 2, . . . , K

FDF = Hconv(FK)
(3)

Here, HRFAG(·) denotes the i-th Residual Frequency-aware Attention Group, and Hconv(·) rep-
resents the final convolutional layer. After deep feature extraction, a convolutional layer is used
to reconstruct spatial features.To enhance information flow and facilitate the learning of residual
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components, we adopt a long-range skip connection. The final high-quality super-resolved image
ISR ∈ RC×H×W is generated as:

ISR = HRC(F0 + FDF) (4)

where HRC(·) denotes the reconstruction module, which consists of a 3 × 3 convolutional layer
followed by a pixel-shuffle operation [32] for upsampling. This design enables efficient and accurate
reconstruction from the combined shallow and deep features.

3.2. Frequency-Aware Attention Block(FAB)

The Frequency-aware Attention Block (FAB) is a feature enhancement module designed for image
reconstruction and enhancement tasks. It integrates the Swin Transformer with an Enhanced High-
Similarity-Pass Attention mechanism to improve the model’s capability in capturing local details and
frequency-aware structures.As illustrated in Figure 2, the architecture of FAB is structured as follows:

Residual Swin Transformer Block. The Residual Swin Transformer Block (RSTB) is the core
component of SwinIR, designed to enable efficient image restoration by combining the local window-
based self-attention mechanism of the Swin Transformer with residual connections. This design allows
RSTB to effectively extract both local and global features from the input while preserving important
structural information through residual learning. The residual connection also mitigates the problem of
gradient vanishing, thus enhancing the stability of feature propagation. Compared with conventional
Transformers, the Swin Transformer adopts a non-overlapping window partitioning strategy, which
significantly reduces computational complexity. This makes it particularly suitable for processing
high-resolution images while maintaining strong performance and efficiency.

Enhanced High-Similarity-Pass Attention. As illustrated in Figure 2, to effectively recover
high-frequency details such as edges and textures in remote sensing images, we propose the Enhanced
High-Similarity-Pass Attention (EHSPA) based on the original High-Similarity-Pass Attention (HSPA)
module [33].

Figure 2. The overall architecture of FASwinNet and the structure of FAB and ORAB.

The original HSPA improves the modeling of structurally similar regions by constructing a global
similarity map and selecting highly similar areas using a soft-thresholding operation for feature
aggregation. While this approach enhances the representation of similar structures to some extent,
it still suffers from several limitations. First, it lacks explicit modeling of high-frequency details,
which are crucial for preserving fine-grained image content. Second, it offers limited spatial structural
representation, making it less effective in capturing geometric layouts. Lastly, the matching-path
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representation capability is insufficient, leading to suboptimal performance in reconstructing edge-
and texture-sensitive regions under the super-resolution task.

To address the aforementioned limitations, we introduce multi-modal auxiliary information
to enhance the representational capacity of the EHSPA module. Specifically, considering that edge
structures in remote sensing images often carry critical high-frequency information, we design an edge
detection operator based on the Sobel filter to extract explicit edge features. These features serve as an
additional signal to guide the construction of more accurate feature correspondences.For clarity, we
denote the input feature map as F0 ∈ RC×H×W , which is reshaped to X ∈ RC×H×W . We then apply the
Sobel operator to extract an edge map E ∈ R1×H×W , defined as:

E =
√
(X ∗ Kx)2 + (X ∗ Ky)2 + ε (5)

where ∗ denotes the convolution operation, Kx and Ky are the horizontal and vertical Sobel
kernels, respectively, and ε is a small constant (e.g., 10−6) added for numerical stability.

Secondly, to enhance the spatial awareness of the attention mechanism, we introduce a 2D
normalized positional encoding. By concatenating positional information with the original features,
the model is encouraged to establish spatially consistent similarity measurements among pixels. The
normalized 2D coordinate map P ∈ R2×H×W is defined as:

Pi,j =

[
2j

W − 1
− 1,

2i
H − 1

− 1
]

(6)

We concatenate the original feature, edge map, and positional encoding to form an augmented
feature representation, which is then used to extract attention-related embeddings. Specifically, two
separate matching paths are used to extract attention features F1 and F2, while a reconstruction path
extracts input feature A. These features are reshaped accordingly for attention computation:

Xaug = Concat(X, E, P),

F1 = f1(Xaug), F2 = f2(Xaug), A = f3(X),

Q = reshape(F1), K = reshape(F2),

V = reshape(A)

(7)

where Xaug ∈ R(C+3)×H×W , and f1, f2, f3 are embedding functions implemented by 1 × 1 con-
volutional layers. The embeddings F1, F2 ∈ RC′×H×W , A ∈ RC×H×W , and the reshaped queries, keys,
and values are Q ∈ RHW×C′

, K ∈ RC′×HW , and V ∈ RHW×C, respectively. Here, C′ denotes the
reduced channel dimension after compression. To suppress noise from irrelevant regions, we apply a
soft-thresholding operation ST(·) that retains only the top-k most similar responses for each query:

S = ST(Q · K) (8)

where S is the sparsified attention map, and all non-top-k responses are zeroed out and re-
normalized. The final output feature is obtained by aggregating the attention scores with the recon-
struction features and applying residual learning:

Y = α · reshape(S · V) + X (9)

where α is a residual scaling factor that controls the strength of feature enhancement. This
mechanism enables effective aggregation and preservation of features from highly similar regions,
particularly in edge- and texture-rich areas.

Fusion and Residual connection. The output features from the RSTB and EHSPA modules
are concatenated along the channel dimension. The fused features are then passed through a 1 ×
1 convolutional layer to perform channel compression and feature integration. Finally, a residual
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connection is employed by adding the result to the input of the FAB, which helps preserve the original
features and enhances both training stability and information flow. The Frequency-aware Attention
Block (FAB) leverages a hybrid design combining RSTB and EHSPA, enabling joint modeling of global
contextual information and local high-similarity patterns. Its multi-path fusion structure significantly
enhances the model’s representational capacity, making it particularly effective for remote sensing
image super-resolution tasks.

3.3. Octave-Based Residual Attention Block(ORAB)

To more effectively decouple and exploit high-frequency and low-frequency components in
image features, we design an Octave-based Residual Attention Block (ORAB) that integrates attention
mechanisms and residual enhancement. As illustrated in Figure 2, ORAB consists of three main
components: FirstOctaveConv, multiple stacked OctaveConv blocks, and a final LastOctaveConv.

In the FirstOctaveConv stage, the input feature map is decomposed into high-frequency and
low-frequency components. The low-frequency features are obtained via average pooling, enabling
frequency-aware feature separation at the early stage.

Each OctaveConv block is a stackable unit designed to process highlow and low-frequency fea-
tures in parallel. In the high-frequency branch, we introduce High-Frequency Residual Enhancement
(HFRE), implemented using two 3 × 3 convolutional layers followed by ReLU activation, which helps
preserve and amplify fine-grained details. Additionally, an Efficient Localization Attention (ELA)
mechanism [20] is integrated into both frequency branches. This attention design leverages 1D depth-
wise convolutions within channels along with Group Normalization to model spatial relationships,
thereby enhancing local feature sensitivity.

The LastOctaveConv module reunifies the high- and low-frequency branches into a single out-
put stream. Specifically, the low-frequency features are upsampled to match the resolution of the
high-frequency features and are then aggregated via element-wise addition. This design allows the
module to retain global structural information from the low-frequency pathway while simultaneously
improving high-frequency detail reconstruction.The entire ORAB can be formally expressed as:

Y = fLast

(
T

∏
t=1

OctaveConv(t)( fFirst(X))

)
(10)

where X is the input feature map, fFirst and fLast denote the FirstOctaveConv and LastOctaveConv
modules respectively, and OctaveConv(t)represents the t-th OctaveConv block in a stack of T layers.By
leveraging frequency separation, localized attention, and high-frequency residual enhancement, the
proposed ORAB substantially improves the model’s ability to capture fine-grained image structures
and contributes to high-fidelity reconstruction in remote sensing image super-resolution.

3.4. Learning Strategy

During model training, we adopt the widely used L1 loss as the objective function, and employ
the Adam optimizer for parameter updates. Specifically, given a batch of N paired low- and high-
resolution images denoted as {(ILR

i , IHR
i )}N

i=1, the model is trained to minimize the following L1
loss:

L1(θ) =
1
N ∑ i = 1N

∥∥∥ fFASwinNet(ILR
i )− IHR

i

∥∥∥
1

(11)

Here, fFASwinNet(·) represents the proposed super-resolution network with trainable parameters
θ, and fFASwinNet(ILR

i ) denotes the predicted high-resolution image corresponding to the input ILR
i .

4. Experiments
4.1. Datasets and Implementation

To evaluate the effectiveness of the proposed method on remote sensing image super-resolution
(RSISR), we conduct experiments on the widely used AID dataset [34], which contains remote sensing
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images from 30 different categories. To ensure class balance and fairness, we randomly select 30 images
from each category for training, resulting in 900 images in total, and 2 images per category for testing,
totaling 60 test images. This setup enables a robust assessment of the model’s reconstruction ability
and generalization performance in small-sample RSISR scenarios.

Low-resolution (LR) images are generated from the high-resolution (HR) images using bicubic
downsampling. All experiments are conducted with a scale factor of ×4. For evaluation, we adopt two
standard metrics—Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity Index Measure (SSIM)
computed on the Y channel of YCbCr color space, which is commonly used in image restoration tasks.

The proposed network is optimized using the Adam optimizer with β1 = 0.9 and β2 = 0.99. The
initial learning rate is set to 2e-4, and the mini-batch size is set to 16. All experiments are conducted on
an NVIDIA GeForce RTX 4090 GPU.

4.2. Ablation Study

In this section, to thoroughly evaluate the effectiveness of the proposed modules, we conduct
systematic ablation studies on the AID dataset, focusing on the impact of the Enhanced High-Similarity-
Pass Attention (EHSPA) and the Octave-based Residual Attention Block (ORAB) on model performance.
For all experiments, the same hyperparameters are adopted: the number of RSTBs and STLs is set to 2,
the window size to 8, the channel dimension to 48, and the number of attention heads to 2.

Training is performed for 30,000 iterations, and the Peak Signal-to-Noise Ratio (PSNR) and
Structural Similarity Index Measure (SSIM) are reported on the test set.

To quantitatively assess the impact of the proposed ORAB module, we develop several compara-
tive model variants, and the evaluation results are summarized in Table 1.

Table 1. Effectiveness analysis of ORAB on the ×4 AID test set.

Model PSNR SSIM

Baseline 26.5857 0.7177
Baseline + Octave 26.6381 0.7181
Baseline + ORAB 26.7015 0.7209

To verify the effectiveness of the EHSPA module, we construct a series of baseline variants, and
the corresponding results are presented in Table 2.

Table 2. Effectiveness analysis of EHSPA on the ×4 AID test set.

Model PSNR SSIM

Baseline 26.5857 0.7177
Baseline + HSPA 26.6303 0.7186

Baseline + EHSPA 26.6542 0.7196

Finally, the overall ablation experiments consider four different combinations of EHSPA and
ORAB. The results are reported in Table 3, where a ✓ denotes the inclusion of a module and a ✗

indicates its absence.

Table 3. Ablation study of EHSPA and ORAB on the ×4 AID test set.

EHSPA ORAB PSNR SSIM

✗ ✗ 26.5857 0.7177
✓ ✗ 26.6500 0.7193
✗ ✓ 26.6902 0.7215
✓ ✓ 26.7348 0.7234
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4.3. Comparisons with State-of-the-Art Method

To comprehensively evaluate the performance of the proposed FASwinNet on remote sensing
image super-resolution tasks, we conduct comparative experiments on the AID dataset against a range
of mainstream and state-of-the-art super-resolution methods. These include classical approaches such
as Bicubic and SRCNN [35], GAN-based methods like ESRGAN [2], as well as recent deep learning
models with strong performance, including EDSR [8], RCAN[6], SwinIR [18], HAT [36], and several
advanced architectures specifically designed for remote sensing images, such as CTNet [37], HSENet
[38], HAUNet [39], TFSNet [40], and ACT-SR [41]. To achieve a better balance between performance
and model complexity, we configure FASwinNet with 6 RSTBs, 6 STLs, a window size of 8, 90 channels,
and 6 attention heads. Under this setting, the model is trained for 500,000 iterations.

As shown in Table 4, we compare the reconstruction performance of various methods at a ×4
upscaling factor using PSNR, SSIM, MSE, and LPIPS as evaluation metrics. The results demonstrate
that our proposed method outperforms existing state-of-the-art approaches across all metrics on the
AID dataset, achieving the best overall performance.

Table 4. Quantitative comparison of different methods on the AID dataset. The best results are marked in red,
and the second-best in blue.

Method Parameters Flops PSNR SSIM MSE LPIPS

Bicubic – – 25.3463 0.6752 287.3178 0.4893
SRCNN 0.02M 0.57 25.8984 0.6929 249.1492 0.3859

ESRGAN 16.69M 645.25 25.4840 0.6708 264.7530 0.3359
EDSR 1.52M 16.25 26.7145 0.7282 205.2616 0.3145
RCAN 15.59M 106.28 26.8516 0.7340 198.7015 0.3056
SwinIR 2.33M 3.48 26.8410 0.7346 199.3198 0.3025

HAT 3.78M 4.78 26.8993 0.7360 195.7945 0.3038
CTNet 0.53M 0.57 26.3965 0.7157 221.3819 0.3424

HSENet 1.84M 38.44 26.5954 0.7250 210.2266 0.3170
HAUNet 8.99M 37.79 26.5190 0.7212 215.6408 0.3242
TFSNet 3.13M 111.17 26.8338 0.7318 199.2198 0.3168
ACT-SR 3.30M 131.5 26.9131 0.7376 195.9505 0.2984

Ours 4.26M 13.92 26.9423 0.7380 194.5582 0.3022

To further evaluate the generalization capability of the proposed model, we conduct cross-dataset
experiments. The model is trained on the AID dataset, which serves as the source domain, and tested
on the UCMerced dataset as the target domain. For evaluation, two images are randomly selected
from each class of the UCMerced dataset, resulting in a representative subset for testing the model’s
performance on unseen data. The reconstruction quality is quantitatively assessed using two widely
adopted metrics, Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity Index Measure (SSIM).
The results of these cross-dataset tests are summarized in Table 5, which demonstrates the model’s
ability to generalize beyond the training dataset and maintain high-quality reconstruction across
different remote sensing image distributions.

As shown in Table 5, even when tested on images from an unseen dataset, the proposed model
consistently outperforms the baseline and other comparative methods in terms of PSNR and SSIM.
This indicates that the model effectively learns features with strong generalization capability, rather
than being limited to the training samples from the AID dataset. Notably, the improvement in SSIM
further suggests that the model can well preserve structural and textural information across different
remote sensing scenes. Overall, these results validate the strong generalization ability of the proposed
approach and highlight its potential advantages in practical scenarios where the test data distribution
differs from that of the training data.
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Table 5. Quantitative comparison of different methods on the UCMerced dataset. The best results are marked in
red, and the second-best in blue.

Method PSNR SSIM MSE LPIPS

Bicubic 24.2996 0.5956 312.1537 0.5705
SRCNN 24.3741 0.6004 306.7432 0.5604

ESRGAN 24.3296 0.5963 309.8543 0.5452
EDSR 24.5884 0.6067 291.9466 0.5327
RCAN 24.5951 0.6129 291.4762 0.5301
SwinIR 24.5896 0.6137 292.3339 0.5221

HAT 24.6389 0.6141 288.8521 0.5212
CTNet 24.5673 0.6055 293.3512 0.5231

HSENet 24.5894 0.6121 292.1432 0.5323
HAUNet 24.5847 0.6104 292.3324 0.5384
TFSNet 24.6102 0.6112 290.5234 0.5312
ACT-SR 24.6345 0.6133 288.2546 0.5203

Ours 24.6411 0.6156 287.9915 0.5180

As shown in Figure 3, our method successfully reconstructs visually rich and structurally clear
image content. In contrast, other methods exhibit varying degrees of blurring and detail loss. Our
approach more accurately restores the textures of rooftop structures and road edges, with particularly
sharp reconstruction observed in parking areas and along building boundaries. Notably, our method
also preserves the circular line structures in the center of sports fields more effectively, exhibiting
stronger continuity and clearer boundaries compared to other approaches. Visually, the reconstructed
field textures appear more natural, with finer details better preserved. These visual results further
demonstrate the superiority of our method in maintaining structural consistency and enhancing detail
recovery in remote sensing image super-resolution.

Figure 3. Cont.
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Figure 3. Reconstruction results of different methods on test images from the AID dataset under ×4 upscaling.
The red boxes indicate enlarged regions, showing that FASwinNet achieves clearer texture and edge restoration.

5. Conclusions
In this paper, we propose a novel frequency-aware Swin Transformer network, FASwinNet,

for remote sensing image super-resolution, aiming to better capture frequency domain features and
structural details. We design the Enhanced High-Similarity-Pass Attention (EHSPA) module, which
integrates edge guidance and spatial similarity matching to effectively enhance the modeling of
high-frequency textures. Additionally, we introduce the Octave-based Residual Attention Block
(ORAB), which explicitly separates features into high- and low-frequency subspaces. By incorporating
high-frequency residual enhancement and localized attention mechanisms, ORAB further improves
reconstruction quality. Experimental results demonstrate that FASwinNet consistently outperforms
existing mainstream methods on multiple remote sensing super-resolution datasets, especially excelling
in edge preservation and detail recovery. This makes it suitable for a variety of real-world applications.
In future work, we plan to further explore the joint modeling of frequency-domain and spatial
transformations, and extend this framework to other low-level vision tasks such as image denoising
and deblurring.
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