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Abstract: Due to the multi-scale and spectral features of remote sensing images compared to natural
images, there are significant challenges in super-resolution reconstruction (SR) tasks. Networks
trained on simulated data often exhibit poor reconstruction performance on real low-resolution
(LR) images. Additionally, compared to natural images, remote sensing imagery involves fewer
high-frequency components in network construction. To address the above issues, we introduce a
new high-low-resolution dataset GF_Sen based on GaoFen-2 and Sentinel-2 images and propose
a cascaded network CSWGAN combined with spatial-frequency features. Firstly, based on the
proposed self-attention GAN (SGAN) and wavelet-based GAN (WGAN) in this study, the CSWGAN
combines the strengths of both networks. It not only models long-range dependencies and better
utilizes global feature information, but also extracts frequency content differences between different
images, enhancing the learning of high-frequency information. Experiments have shown that the
networks trained based on the GF_Sen can achieve better performance than those trained on simulated
data. The reconstructed images from the CSWGAN demonstrate improvements in the PSNR and
SSIM by 4.375 and 4.877, respectively, compared to the relatively optimal performance of the ESRGAN.
The CSWGAN can reflect the reconstruction advantages of a high-frequency scene and provides a
working foundation for fine-scale applications in remote sensing.

Keywords: super-resolution; remote sensing; cross-sensor; generative adversarial network; cascade
structure

1. Introduction

Remote sensing data from different sensors vary in temporal and spatial resolutions.
These sensors images have been widely used in many fields, such as Sentinel-2, which plays
an important role in many applications [1], including monitoring vegetation [2,3], urban
extraction [4], and the construction of hydrological models [5], while GaoFen-2 focuses on
fine land cover classification and feature extraction [6]. The sensor design must balance
capturing spatial details and addressing repeated coverage concerns [7]. It is particularly
challenging to obtain high-quality images in areas with cloudy or rainy conditions. The
integration of two sensors offers vital advantages in constructing dense image time series
with a high spatial resolution, essential for the long-term and detailed monitoring of surface
processes. Therefore, the development of super-resolution reconstruction (SR) methods
to improve the resolution of Sentinel-2 images to generate synthetic high-resolution time
series datasets has attracted extensive attention.

The traditional image SR algorithm is mainly based on interpolation or traditional
machine learning [8,9]. Due to the reliance of Bicubic methods on local neighborhood
information, unsatisfactory results have been achieved [8,10]. The emergence of deep
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learning has shown promising results in SR. Convolution neural networks (CNNs) have
made significant progress in image SR [11-17]. SRCNN produces clearer reconstructed
images and significantly improves the reconstruction speed [18]. ESPCN accelerates feature
learning and reduces network complexity by directly passing feature information in the
LR space [19]. However, with the increasing demand for reconstruction results, the depth
of the network is also increasing, leading to the problem of vanishing gradients. The
residual structure has gradually played a role in SR tasks. It allows CNNs to model more
deeply without suffering from vanishing/exploding gradients [11]. Subsequently, some
heavyweight models have been proposed [13,16,20-22]. However, due to excessive focus
on minimizing the mean square reconstruction error, the reconstruction results are “overly
smooth” [23-25].

Generative adversarial networks (GANSs) have been introduced to image SR by leverag-
ing adversarial learning between the generator and discriminator to generate high-quality
results. For example, SRGAN demonstrates the ability of GANs in inverse imaging prob-
lems, which combines multiple loss functions to ensure that the generated results have both
good perceptual and objective quality [26]. ESRGAN improves reconstruction by address-
ing noise susceptibility and enhancing residual blocks with residual dense blocks [27]. In
the field of remote sensing, inspired by the natural image reconstruction method, research
based on the characteristics of remote sensing images has also been carried out. Meng
et al. had addressed the challenges of large-scale remote sensing images by combining
dense sampling and residual learning methods to enhance the effectiveness of feature
extraction [28]. Despite the benefits of convolutions in modeling image dependencies,
their ability to learn long-term dependencies is limited. To address this problem, the self-
attention mechanism is introduced to carefully coordinate the details of each position of the
image with the details of the distant part of the image [29]. Combining the self-attention
mechanism with GANSs allows for the extraction of global features without introducing
excessive parameters [30].

In recent years, due to its advantage of a self-attention mechanism, the transformer
model has become an essential choice in the field of natural language processing. However,
the complexity of the transformer model has posed a significant challenge to its perfor-
mance. To address this issue, an Efficient Super-Resolution Transformer (ESRT) is proposed.
The ESRT aims to enhance the ability of SR networks to capture long-range contextual
dependencies while significantly reducing the GPU memory cost [31]. However, due to
the rich land coverage and complex land use scenes contained in remote sensing images
within a limited pixel size, the loss of high-frequency detail information is more severe.
It is difficult to effectively reconstruct the lost high-frequency information by focusing
only on spatial-domain information. Restoring high-frequency information through power
spectrum features in the frequency domain appears simpler and more effective. Wavelet
transform combines temporal and frequency resolutions, adapting window sizes and facili-
tating detail feature extraction. It can process high-frequency information such as edges and
details while reducing computational memory [32-34]. In DWSR, residual networks and
wavelet transforms exploit the residual sparsity of wavelet coefficients. Different wavelet
subbands, providing complementary structural information in different directions, predict
the HR image [35]. WRAN [36] uses a multi-kernel convolutional to adaptively aggregate
features of the receptive fields from different-sized receptive fields of wavelet coefficients.
Nevertheless, the multi-band image information of different sensors is complex and de-
graded and there are few studies on the frequency-domain multi-scale reconstruction of
image details. Combining wavelet transform and the residual structure of GANs ensures
network gradients and extracts deeper features [37]. In addition, loss constraint in the
wavelet domain retains the advantages of wavelet transform in high-frequency information
reconstruction and avoids excessive smoothing of reconstructed images [38].

However, most of the existing algorithms extract the spatial- and frequency-domain
features using a single network. Deepening or widening the network improves algorithm
performance, it also increases computational complexity, and at the same time, it is difficult
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for these methods to effectively couple spatial and frequency information. Therefore, there
is a need to develop a new network model that can maintain the advantages of extracting
spatial information while enhancing the ability to extract frequency-domain information.

So far, although many SR methods based on remote sensing have been developed,
it has been challenging to acquire paired high-resolution and low-resolution images for
training, leading to a lack of corresponding “high-resolution and low-resolution” real
remote sensing image pairs. Additionally, most models are trained on natural image
datasets, like DIV2K, UC_Merced [39], and WHU-RS19 [40], which results in significant
performance degradation when applied to real remote sensing image SR tasks [41]. To better
address the degradation information between HR and LR remote sensing images, this study
focuses on developing a benchmark paired remote sensing image dataset considering the
following four critical features: (1) different sensors, (2) diversity of regions, (3) consistency
of time, and (4) challenging scenarios. Based on the four aforementioned aspects, we
propose a new benchmark dataset GF_Sen, formed by images obtained from GaoFen-2 and
Sentinel-2.

The main objectives of this study are as follows: (1) To propose a cascaded spatial
frequency-domain generative adversarial network CSWGAN, specifically for cross-sensor
remote sensing images reconstruction. We first proposed the SGAN and WGAN, which
integrate the advantages of a self-attention mechanism and wavelet transform, enriching
the global feature information and high-frequency details in the reconstructed image. The
CSWGAN combines the advantages of two networks through a cascaded structure, making
its reconstruction results closer to HR images; (2) to propose a new benchmark paired
remote sensing dataset GF_Sen for SR tasks, to evaluate the performance of several widely
used deep learning models (SRCNN, ESPCN, SRGAN, ESRGAN, etc.). This dataset aims
to provide a fair and comprehensive comparison between different models.

2. Materials and Methods

In this section, we will first give a brief introduction to the two main methods used in
the CSWGAN. Then, we will introduce the proposed method including the design of the
network architectures and loss functions.

2.1. Self-Attention Mechanism

The self-attention module through 1 x 1 convolutions calculates the correlation matrix
with the C channel feature map, which represents the spatial correlation between any
two positions in the input characteristic graph, as shown in Figure 1. Each location is
calculated and updated by the weighted sum of all other locations. Among them, the
weight value is determined by the learning dependency between the two positions. The
formula for calculating the extent of different locations in each area of the reconstructed
image is as follows:

Bii = exp (i) /Zilexp (sij), where s;; = f(xi)Tg(xj) (1)

where f3;; indicates the extent to which the model attends to the ith location when synthe-
sizing the jth region. N is the number of feature locations of features. The output of the
attention layer o is defined as

o = v( L Biih(x) ), h(x) = Wi, v(x) = Wax; e)

In the above formulation, Wy, € RE*C and Wy € RE*C are the learned weight matrices,
which are implemented as 1 x 1 convolutions. Among them, C = C/8. In addition, we
further multiply the output of the attention layer by a scale parameter and add back the
input feature map. Therefore, the final output is given by

Vi =Y0i tx ©)
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where v is a learnable scalar and it is initialized as 0, which allows the network to first
rely on the information in the local neighborhood, and then gradually learn to assign more
weight to the non-local evidence.
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Figure 1. The self-attention mechanism for CSWGAN.

2.2. Wavelet Prediction and Reconstruction

In this paper, the wavelet transform method is used to decompose the characteristic
image obtained by the residual module into a sequence of wavelet coefficients of the same
size. The wavelet prediction net can be split into N, = 4n parallel independent subnets,
where n is the decomposition level. The corresponding wavelet coefficients are obtained
from the input feature extraction block output of each subnet. It is assumed that the
characteristic size of wavelet coefficients is the same as that of the LR input.

The reconstruction net is used to transform the wavelet images of the total size
Nw % 3 x h x w into the original image space of the size 3 x (r x h) x (r x w). Itis repre-
sented by r X r size filter, composed of a deconvolution layer with a step size of r, and Ne is
the channel size of the last layer of the feature extraction block. Let C = (c¢1, ¢, ..., cN,, ) and
C=(&,6,...,c, ) denote the ground-truth and inferred wavelet coefficients, respectively.
The overall process can be defined as

9=0(C) = d{(e1, &+, en,)} = d{(01(2), 02(2),- - - , 0N, (2))} )
= o{(d1(W(x)), P2 (W(x)), -+, by, (W(X))) }

Where 1.') . R3><h><w — RNeXhXW, (Pi . RNeXhXW — R3><h><w,i — 1,2, . /NW/

¢ RNW><3><h><w N RSX(th)X(rXW).

2.3. A Cascaded Spatial Frequency-Domain Generative Adversarial Network for SR: CSWGAN
This paper proposed the CSWGAN, which was a cascade network of a self-attention-
based GAN (SGAN) and wavelet-based GAN (WGAN), as shown in Figure 2.
The main idea is to design a cascade framework to implement the application of spatial
and frequency-domain features to obtain high-quality SR images.
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Figure 2. Network architecture of CSWGAN.

The main architecture is based on SRGAN [26], with residual blocks serving as an
important component in the network construction, enabling the recovery of photo-realistic
textures on public benchmarks. The activation functions used in the generator and dis-
criminator are different, with the generator employing PReLU to allow negative values to
pass through the activation function. This helps to address the vanishing gradient problem
and enhances the overall performance of the network by enabling the model to learn more
complex data relationships. In the discriminator, LeakyReLU activation is used to prevent
the need for max-pooling throughout the network.

In order to enhance the learning of the spectral and geometric position information
in remote sensing images, a self-attention branch is added outside the residual block of
the backbone network. By incorporating self-attention mechanisms into feature extraction
methods, dense global contextual information can be obtained, thereby establishing inter-
dependencies between pixels. This enhances the network’s utilization of global information
and deep features. Then, the SR task is transformed into a wavelet coefficient prediction
task, where the wavelet prediction module is tightly integrated with the wavelet recon-
struction module within the GAN. By accurately predicting the corresponding wavelet
coefficients, the LR image is decomposed into different scales and orientations, resulting in
a high-quality HR image with rich texture details and global feature information.
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The main task of the SGAN network is to learn and obtain the geometric structure
information of the image, as well as low-frequency information such as the overall appear-
ance and contours of the image. On the other hand, the WGAN is designed according
to the characteristics of the frequency domain. Its main task is to learn high-frequency
information such as image texture and edge. The SGAN learns spatial low-frequency
features and their correlations through a self-attention mechanism. Based on the output
characteristics of the SGAN, the WGAN can better distinguish noise and detail information,
further optimize low-frequency and enhance high-frequency learning, thus improving the
quality and fidelity. Therefore, by using the spatial-domain super-resolution (SDSR) output
of the SGAN as the input to the WGAN and generating the final reconstruction output,
the CSWGAN network can fully leverage the advantages of these two different networks.
Moreover, training this cascade structure using multiple generators and discriminators is
very time-consuming, so each adversarial system is trained separately first and then jointly
in an end-to-end manner.

2.4. Loss Function

Since the CSWGAN is logically composed of two independent networks, there is
no overall loss function. The loss functions of the SGAN and WGAN work in their
respective networks.

2.4.1. Loss Function of SGAN

In this paper, I'® and TR are used as the LR image and HR image, respectively. We
constructe a robust loss function to force generator G to generate an HR image similar
to IHR,

LsgaN = Lmse + ®1Lagy + oLty (5)

where «; and «; represent the coefficients of L,q, (adversarial loss) and Ly (regularization
loss), with values of 1 x 1073 and 2 x 10~8. The network requires the reconstruction effect
at the pixel level through Lyse, trains the discriminator D to minimize the adversarial loss,
and encourages G to generate a reconstructed image close to the IR, Tt is well known that
adversarial learning strategies can maintain the visual authenticity of the generated images;
however, it is also vulnerable to noise pollution. In order to restrain the noise and keep the
image smooth, TV regularization loss is introduced in this paper.

. 2
Linge = mzz?i/l Z;Iil (Ilj}ls - GGG (ILR)X,y) (6)
Ladv _ Zrlle _ logDeD (GQG (ILR)) (7)
1
Ly — ngl Zrylil | VG, (ILR)x,y H (8)

where N denotes the number of images, 6 denotes a set of model parameters in G,
Op denotes a set of model parameters in D, Gg, (ILR> denotes the reconstructed im-
age, Do, (GQG (ILR)) denotes the probability that the Gg_, (ILR> is a real HR image, and
VGog, (ILR> represents the gradient of the output of G.

2.4.2. Loss Function of WGAN

Different to the spatial-domain-based network that directly learns the mapping re-
lationship between HR and LR pixel values, the WGAN aims to learn the relationship
between the wavelet coefficients of frequency-domain characteristics between HR and LR
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images. The WGAN constrains the network through two losses in the spatial and frequency
domain of the image.

LwcaN = Livavelet T BLtexture + qull—image )

where f3 is the balance parameter, which is 0.1. The WGAN takes the MSE loss function
Ltull-image s the loss constraint of the full image to make the reconstruction result achieve
a balance in smoothness and texture details; it can hardly obtain high-frequency texture
details. Therefore, in order to pay attention to local texture information and prevent high-
frequency wavelet coefficients from converging to 0, the WGAN adopts Lyy,velet and Liexture
avoids the above problems, respectively.

A Nw A 2 A 2 Ny A 2
Lwavelet(crc) = Zi:1Ai||Ci - Ci||F = 7\1||C1 - C1||F + Zi:z)‘i‘ |Ci - Ci||F (10)

Nw ~
Ltexture - Zi:kYimaXQx‘ |Ci| |123 +e— ||Ci‘ ‘123' O) (11)

where A is the balance parameter, ¢; and ¢&; are the ground-truth wavelet coefficients and
the inferred wavelet coefficient, respectively. k indicates the start index of the wavelet
coefficients to be penalized for taking small values, y; represents the balance weight, «
and ¢ are slack values. More attention can be paid to the local texture with large weight
assigned to the high-frequency coefficient. At the same time, it can capture the global
topology information.

2.5. Quantitative Evaluation Indices

The evaluation of super-resolution results mainly includes subjective evaluation and
objective evaluation. We used various image quality evaluation indicators, including peak
signal-to-noise ratio (PSNR), structural similarity index (SSIM) [42], standard deviation
(SD), information entropy (IE) [43], root mean square error (RMSE), and spectral angle
(SAM) [42], as shown in Table 1. These indicators not only measure the fidelity and
differences between real HR images and SR images on the ground, but they can also
better explain the amount of information contained in the image and evaluate many subtle
differences from the perspective of spectrum. SD and IE are non-reference image quality
evaluators. Additionally, three experts with three years of experience in this field compared
the naturalness of SR images.

Table 1. The equations of quantitative evaluation indices.

Indicator Formula Remarks
PSNR 20108, Rar2p /
Xand Y correspond to the reconstructed image and the original
SSIM K (zﬂ + Cl) (20xy + ) image, c¢; and ¢, constants should be set to (K;L) and (K;L),
Z ( G E— > > respectively, where K; and K; are values close to 0, and L represents
XY C1> (0% + 0% +2) i the image dynamic range.
i N N is the total number of pixels in each image, K is the number of
RMSE \/K>1<N Z]'KZ?I (Xi] -Y) ) bands.
SAM 15 arccos _XiYi
NP AT
SD % E (F(i) — @) F(i) represents the pixel value, i represents the mean pixel value.
1
IE —gP (i)log, P(i) P(i) represents the probability of the pixel value.

1
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3. Experiments
3.1. Datasets and Preprocessing

In this section, we describe our benchmark dataset GF_Sen, which consists of imagery
obtained from Sentinel-2 and GaoFen-2. Simultaneously, three publicly available datasets,
UC_Merced, WHU-RS19, and USC-SIP], are introduced.

3.1.1. Real-World Multi-Sensor LR-HR Dataset: GF_Sen

To enhance the network’s generalization on sensor and spatiotemporal dimensions,
this paper constructs a set of paired real-world multi-sensor LR-HR data, in which Sentinel-
2 data with 10 m spatial resolution are used as the LR image, and GaoFen-2 data with 4 m
spatial resolution are used as the HR images. This dataset is referred to as GF_Sen, and the
details of the dataset are shown in Table 2. The HR images are downsampled to generate
LR images as simulated data.

Table 2. The information of used data.

Location Sensor Filename
Guangzhou Sentinel-2 L1C_T49QGF_A003347_20191002T030635
Guangzhou GaoFen-2 GF2_PMS1_E113.2_N23.3_20191227_1.1A0004507303
Guangzhou Sentinel-2 L1C_T49QGF_A003347_20191002T030635
Guangzhou GaoFen-2 GF2_PMS2_E113.4_N23.1_20191227_1.1A0004505416
Shenzhen Sentinel-2 L1C_T49QGF_A003347_20171027T030705
Shenzhen GaoFen-2 GF2_PMS1_E113.8_N22.8_20171227_1.1A0002883454
Shenzhen Sentinel-2 L1C_T49QGF_A003347_20171027T030705
Shenzhen GaoFen-2 GF2_PMS2_E114.0_N22.6_20171227_1.1A0002883537
Dongguan Sentinel-2 L1C_T49QHF_A003347_20171027T030705
Dongguan GaoFen-2 GF2_PMS2_E114.1_N22.9_20171227_1.1A0002883531
Huizhou Sentinel-2 L1C_T50QKL_A007994_20170102T025445
Huizhou GaoFen-2 GF2_PMS1_E114.5_N23.1_20161128_L1A0001994661

To build a paired dataset for SR, the two sensors need to image the same ground
targets at the same positions in the electromagnetic spectrum. In this study, we finally
chose three bands of blue, green, and red. The study area includes four different cities in
Guangdong Province, each with diverse land cover and ecological types. Some sample
images of the dataset are shown in Figure 3.

Figure 3. LR-HR image-pair samples in GF_Sen dataset. The first row is HR images from GaoFen-2,
while the second row is the corresponding LR images from Sentinel-2.
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Although searching different satellite data within a small time window can reduce
variations caused by atmospheric conditions and environmental changes, only a limited
number of images meet such strict criteria. Therefore, we expanded the time window to
3 months. After observation, there were basically only a few active objects (such as ships
and vehicles) exhibiting differences in this period. We searched the data of the study area
(as shown in Figure 4), selected the images with less than 5% of the total cloud cover, and
finally deleted the image data samples with clouds. After resampling the GaoFen-2 data
using a bilinear sampling method to a 5 m resolution, we registered the Sentinel-2 data
with reference to the GaoFen-2 data.

~26°N

'F24°N

~22°N

I Training area
" Testing area

- s kM

0 50100 200 300
108°E HO°E 12°E 114°E 116°E

~=20°N
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Figure 4. Spatial distribution of Sentinel-2 and GaoFen-2.

Following the preprocessing of the images mentioned above, the HR images were
cropped to a size of 128 x 128, while the LR images were cropped to a size of 64 x 64.
The GF_Sen dataset was finally created, consisting of 5263 images for the training set,
2255 images for the validation set, and 3930 images for the test set.

3.1.2. UC_Merced

To pre-train the model, this paper utilized the UC_Merced dataset, with a total of
2100 images selected from aerial orthophotos, each with a size of 256 x 256 pixels. The
original dataset has 21 categories, and each category consists of 100 images. In this paper,
each scene is randomly selected as training and validation sets with a ratio of 7:3.

3.1.3. WHU-RS19

To evaluate the network’s performance on different scene reconstruction results, this
paper also selected WHU-RS19 as the test set for the comparative experiments. The
WHU-RS19 dataset consists of 950 aerial images. The size of each image in the dataset
is 600 x 600 pixels. The WHU-RS19 dataset contains 19 categories of land use types, and
each category consists of 50 images.
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3.1.4. USC-SIPI

To assess the reconstruction performance of the model on large-scale remote sensing
images, this study selected images from the “aerials” category in the dataset for testing. The
database is divided into volumes based on the basic character of the pictures. Images in each
volume are of various sizes such as 256 x 256 pixels, 512 x 512 pixels, or 1024 x 1024 pixels.

3.2. Training Details

In the training process, the batch size is set to 16, and the training process is divided
into two parts. In the first part, the SGAN was trained to obtain the SDSR, the learning rate
was initialized to 1073, and halved every 200 epochs. A total of 1600 epochs were trained.
In the second part, we used the SDSR as the input LR image again to train the WGAN,
where the decomposition level was set to 1, the learning rate was initialized to 10~#, with a
decay rate of 0.0005.

4. Results
4.1. CSWGAN Ewvaluation

We extensively evaluated the SR performance from different networks trained on both
the simulation dataset and GF_Sen dataset.

From Table 3, it can be seen that the network accuracy is generally higher when trained
on the GF_Sen dataset compared to the simulation dataset, and the CSWGAN achieved
the best results. Specifically, on the GF_Sen dataset, compared with the relatively excellent
ESRGAN, the CSWGAN was competitive due to the combination of spatial-frequency-
domain features, with an average improvement of 4.877 in the PSNR value and 0.181 in
the SSIM value. This proved that our approach of restoring high-frequency information in
images using a cascaded network structure is highly effective. By taking a comprehensive
consideration of the results in Table 3 and Figure 5, we can find that the CSWGAN can
produce acceptable super-resolution results compared to classical networks, especially
in terms of texture structure. Finally, the CSWGAN combined the advantages of both
the SGAN and WGAN, and the edge contour of the recovered image was clearer, the
aliasing effect was effectively improved, and the overall tone of the image was closer to the
HR image.

In addition, due to the characteristics of remote sensing images, compared with
small-sized image blocks, they are more likely to cover a larger range of scenes. There-
fore, this study compared the reconstruction results of several classic networks in the
GF_Sen and USC-SIPI datasets, under larger and even larger scales of scenes, as shown in
Figures 6 and 7. It can be seen that the reconstruction results of the CSWGAN outperform
other methods in both high-frequency information and visual perception.

Table 3. Quality evaluation index results of different SR methods.

Trained on Simulated Dataset Trained on GF_Sen Dataset

Method PSNR SSIM SAM RMSE PSNR SSIM SAM RMSE
Bicubic 18.863 0.593 0.301 30.039
SRCNN 17.975 0.506 0.284 28.506 18.191 0.512 0.316 30.553
ESPCN 18.006 0.612 0.302 29.864 18.266 0.582 0.303 29.864
ESRT 19.092 0.461 0.219 24.484 20.287 0.669 0.191 24.484
SRGAN 18.654 0.611 0.385 36.675 19.217 0.639 0.372 36.168
ESRGAN 18.975 0.621 0.286 28.948 19.458 0.647 0.338 33.060
CSWGAN 23.350 0.853 0.192 17.781 24.335 0.828 0.178 15.356
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Figure 5. Reconstruction results of different methods.
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ESRT SRGAN

Figure 6. Reconstruction results of GF_Sen.

Figure 7. Reconstruction results of USC-SIPL

4.2. Comparison of CSWGAN SR on Multi-Sensor Scenes

We evaluated the generative performance of the SR network, which demonstrated the
ability to fit the manifold of HR images. In order to explore the practical significance of
SR, this study reconstructed different types of scenes on the WHU-RS19 test set using the
CSWGAN and comparative methods, demonstrating the differences in reconstruction effects.

The reconstruction results of different scenes are shown in Table 4. It can be seen that
the reconstruction effect of the CSWGAN is generally better than that of other networks.
Specifically, for scenes with rich high-frequency information such as bridges, commer-
cial buildings, residential buildings, and industrial areas, the reconstruction results of
the CSWGAN can reflect the reconstruction advantages of high-frequency information.
However, for scenes with less high-frequency information and mostly low-frequency infor-
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mation, such as forest and meadow, the use of a lightweight network can save time and
obtain better reconstruction results.

Table 4. Comparison of reconstruction accuracy of different scenes. A-G represent Bicubic, SR-
CNN, ESPCN, ESRT, SRGAN, ESRGAN, and CSWGAN, respectively, and the bold value is the
optimal result.

Type psnr_A ssim_A psnr_B ssim_B psnr_C ssim_C psnr_D ssim_D psnr_E ssim_E psnr_F ssim_F psnr_G ssim_G
Airport 32.054 0.925 32.623 0.944 32.908 0.941 25.559 0.769 30.309 0.907 29.928 0.859 32.393 0.947
Beach 36.257 0.987 37.429 0.992 34.400 0.977 42.324 0.969 36.165 0.976 37.341 0.922 45.142 0.993
Bridge 34.183 0.942 34.789 0.942 34.276 0.944 30.548 0.875 34.74 0.957 31.463 0.927 34.859 0.958
Commercial area 27.621 0.887 28.946 0.919 28.862 0.909 22.692 0.698 26.112 0.870 27.193 0.845 28.967 0.920
Forest 32.113 0.884 33.362 0.923 31.908 0.901 26.599 0.666 30.180 0.855 30.408 0.868 32.555 0.910
Industrial area 30.489 0.915 31.379 0.938 31.214 0.932 24.374 0.738 28.488 0.896 19.350 0.661 31.620 0.941
Meadow 42375 0.955 40.131 0.968 39.402 0.963 3417 0.84 41.052 0.946 40.512 0.918 41316 0.963
Mountain area 27.368 0.827 28.490 0.877 27.758 0.862 23.529 0.613 26.438 0.819 27.443 0.845 28.152 0.870
Park 33.142 0.904 33.987 0.929 33.613 0.925 26.274 073 31.697 0.895 31.336 0.839 34.084 0.932
Parking 30.993 0.947 32.261 0.965 31.756 0.962 24.27 0.801 27.869 0.922 29.084 0917 32.140 0.958
Pond 46.854 0.984 42.743 0.981 39.981 0.955 29.934 0.848 47.010 0.984 39.921 0.967 44.387 0.981
Port 32.247 0.940 33.063 0.954 32.002 0.944 24.906 0.808 30.290 0.927 31.742 0.969 33.151 0.954
Train station 28.084 0.873 30.210 0.926 29.450 0.917 23.902 0.669 25.926 0.847 27.002 0.898 30.274 0.930
Residential area 27.756 0.907 29.345 0.934 29.161 0.924 22434 0.725 25.677 0.883 28.249 0.863 29.395 0.935
River 32.266 0.898 33.105 0.921 32.550 0.918 27.148 0.746 30.587 0.881 30.077 0.898 32.608 0.929
Viaduct 28.330 0.896 29.887 0.930 29.955 0.924 23.497 0.705 30.255 0.926 26.361 0.874 30.477 0.935

Furthermore, the CSWGAN is trained on real high- and low-resolution data, while
the WHU dataset uses synthesized pairs of high- and low-resolution images. Therefore,
the CSWGAN performed poorly in some scenes when facing the WHU dataset. However,
in most scenarios, it achieved better performance than other models, indicating that the
CSWGAN can demonstrate good universality for both simulated and real datasets.

4.3. Ablation Study
4.3.1. Evaluate the Performance of SGAN in Spatial Domain

We analyzed the objective evaluation metrics of reconstructed images to evaluate the
contribution of the SGAN reconstructed images based on spatial information. Additionally,
to assess the improvement in the network training on the GF_Sen dataset, this paper trained
different networks based on the simulated dataset and GF_Sen, and then tested them on
the real LR images to obtain different image quality evaluation indicators.

Table 5 compares the test accuracy of the networks trained based on the two training
datasets. It was found that the accuracy of most networks trained with the GF_Sen was
improved, as shown in the fact that the PSNR and SSIM values were generally higher than
the network accuracy trained on the simulated datasets. The PSNR or SSIM cannot fully
represent the reconstruction quality. In this paper, the SD and IE were added based on
the statistical characteristics of images, which aim to evaluate the network effect through
gray-level distribution and the amount of information the image has, as shown in Table 5.
Table 5. Comparison accuracy of different SR methods in different test sets.

hod Trained on Simulated Dataset Trained on GF_Sen Dataset

Metho PSNR SSIM SD IE PSNR SSIM SD IE
Bicubic 18.863 0.593 61.411 6.699
SRCNN 17.975 0.506 53.999 5.757 18.191 0.512 59.795 6.281
ESPCN 18.006 0.612 59.257 6.331 18.266 0.582 60.257 6.447
ESRT 19.092 0.461 63.2142 6.3867 19.287 0.669 64.0794 6.162
SRGAN 18.654 0.611 58.713 6.416 19.217 0.639 63.049 6.663
ESRGAN 18.975 0.621 62.588 6.502 19.458 0.647 63.280 6.802
SGAN 19.452 0.641 63.893 6.820 19.552 0.645 64.593 6.833

Further analysis of the evaluation results showed that SRGAN and ESRGAN were
higher than Bicubic, SRCNN, and ESPCN in four indicators, which proved that the GAN
can better utilize spatial information than Bicubic and CNN. At the same time, the ESRT also
demonstrated advantages over the GAN in some indicators, believing that the combination
of a self-attention mechanism and transformer can reconstruct images with more saturated
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colors. Finally, the SGAN obtained the highest PSNR and SSIM values on the GF_Sen test
set, which were 19.552 and 0.645, respectively, which proved that the combination of the
self-attention mechanism and GAN can make the reconstructed images also have a more
diverse range of grayscale levels and abundant information in the spatial domain.

4.3.2. Evaluate the Performance of WGAN in Frequency Domain

Due to the limited use of frequency-domain-based super-resolution reconstruction
networks, it was important to verify the detailed features of the WGAN-reconstructed
images from the frequency-domain perspective.

In this paper, three images with gradually increasing high-frequency information were
selected for analysis, as shown in Figure 8. Because of the difficulty in recovering high-
frequency information from remote sensing images, wavelet transformation was employed
to extract the high-frequency information of different images, including the horizontal high
frequency (cH), vertical high frequency (cV), and diagonal high frequency (cD) information.
The SD and IE of the HR image and the results of each model are compared, as shown in
Figure 9.

L

- R T —— L

Figure 8. Sample images used in frequency-domain feature statistics.

It can be seen from Figure 9 that the distribution results of Bicubic, ESPCN, and ESRT
are quite different from those of the HR images. The SD and IE distribution trends of
SRCNN and SRGAN in different frequency bands were similar to those of the HR images,
but the values were generally lower than those of the HR images. The SD and IE of the
reconstructed feature map of the WGAN network were closer to the HR image feature map.
It was proved that the WGAN can not only have a positive effect on the recovery of local
high-frequency information, but also balance the information of different frequency bands
to make it closer to the HR image.

To further verify the performance of the WGAN, Table 6 shows the different evaluation
standards of the other five models. Due to the introduction of the WGAN, the evaluation
index of the overall image was no longer only from the spatial gray distribution and
information content, but also from the spectrum and overall reconstruction error. Therefore,
the SAM and RMSE were introduced.

Table 6. Quality evaluation index results of different SR methods.

Trained on Simulated Dataset Trained on GF_Sen Dataset

Method PSNR SSIM SAM RMSE PSNR SSIM SAM RMSE
Bicubic 18.863 0.593 0.301 30.039
SRCNN 17.975 0.506 0.284 28.506 18.191 0.512 0.316 30.553
ESPCN 18.006 0.612 0.302 29.864 18.266 0.582 0.303 29.864
ESRT 19.092 0.461 0.219 25.322 20.287 0.669 0.191 24.484
SRGAN 18.654 0.611 0.385 36.675 19.217 0.639 0.372 36.168
ESRGAN 18.975 0.621 0.286 28.948 19.458 0.647 0.338 33.060
WGAN 22.142 0.836 0.178 18.217 23.564 0.855 0.188 17.421
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The analysis of the results indicated that the WGAN achieved a higher PSNR and
SSIM performance on the GF_Sen. In addition, comparing the SAM and RMSE, we can find
that simple or lightweight networks may reduce spectral distortion and minimize errors to
a certain extent because they had less complexity in the operation of the image. However,
the RMSE and SAM values of the reconstruction results of the WGAN showed the smallest
values, which especially proved the effectiveness of using the wavelet transform into the
network to utilize the frequency-domain features.
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Figure 9. Evaluation histogram of high-frequency characteristic images with different reconstruction
results. (a) and (b), (c) and (d), (e) and (f) are the results of pictures 1-3, respectively.

5. Discussion
5.1. Pros and Cons of CSWGAN

Currently, there is a need for satellite data with higher spatial and temporal resolution
than what can be provided by individual imaging sensors, such as Sentinel-2 or GaoFen-2,
in order to better understand surface changes and their causal factors. To address this, this
study proposed a deep learning super-resolution reconstruction method called CSWGAN
based on a cascaded structure, which downscaled Sentinel-2 images to a spatial resolution
of 4 m, providing richer spatial details within a short time interval. The experimental
results showed that, compared to representative works of different network structures,
SRCNN and ESPCN, although having simple structures, showed a weaker performance
for images with complex texture information. ESRT can achieve relatively good results
in terms of metrics; however, it still tended to lose certain high-frequency information,
and the perceptual quality of the reconstructed images still needs improvement. SRGAN
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and ESRGAN performed relatively well in both perceptual and objective metrics. The
CSWGAN, unlike other single-structure networks, leveraged a cascading structure that
can harness the advantages of multiple individual networks, yielding superior perceptual
performance and high-quality images. The proposed SGAN and WGAN have also been
proven to show good results in the spatial and frequency domains, respectively. The exper-
imental results demonstrated that the cascaded network structure combining spatial- and
frequency-domain information can leverage the advantages of multiple single networks,
resulting in superior perceptual performance and generating high-quality images. As the
demand for precision increases, there are a growing number of networks in the field of
computer vision with powerful image representation capabilities [44—46]. In the future, it
is hoped that further research will be conducted on how to transfer these models to the
application of remote sensing images. Loss function, as an important component guiding
the network towards the correct direction, plays a crucial role in the allocation of coefficients
for different loss functions to enhance the performance of the network. It is essential to
scientifically and efficiently balance different loss terms to optimize the performance. Many
studies on multi-task learning networks have proposed learning methods for loss function
weights [47,48], and future attempts will also be made to refer to these algorithms to further
improve the loss function.

In addition, the preliminary experimental results on network architecture still focus
on displaying the RGB channels. However, this is limited for remote sensing images with
multi-band characteristics [49]. For example, the vegetation red edge band of Sentinel-2 can
effectively detect vegetation health [50], and the coastal /aerosol band (B1) can be used for
monitoring water vapor and aerosol corrections [51,52]. Nevertheless, the spatial resolution
of these bands cannot meet the actual application requirements. Therefore, the study of the
super-reconstruction of multi-band cascaded spatial-frequency-domain network models
will be part of future work. In contrast to Dong et al.’s [53], we find that conducting
experiments on the RGB channels first is beneficial because most multi-band reconstruction
methods are built upon the high-resolution RGB channels.

Finally, there are significant resolution differences among different sensors, such as a
3 x resolution difference between Landsat-7 and Sentinel-2, and a 2 x resolution difference
between GaoFen-1 and GaoFen-2. In such cases, our model may require additional training
to meet the super-resolution needs of different sensors. Furthermore, there can be large
resolution differences between certain datasets, for example, at least an 8 x resolution
difference between Landsat TM/ETM+ and MODIS, and a 30x resolution difference
between Sentinel-2 and Sentinel-3. In these cases, it is challenging to accurately handle the
temporal, spatial, and spectral degradation relationships among multiple data using SR
methods. Therefore, the use of spatiotemporal data fusion algorithms is vital to address the
constraints of spatiotemporal resolution [54-57]. Based on our proposed model, a feasible
improvement is to provide one or two pairs of high spatial resolution data sourced from
low temporal resolution, and high temporal resolution data with low spatial resolution
from prior dates as inputs to the model. This approach aims to predict one or more high
temporal resolution data with low spatial resolution on prediction dates. The effectiveness
of this plan will be discussed in the future.

5.2. Application of GF_Sen

In this paper, we conducted a study on the GF_ Sen dataset, simulated dataset, and
multi-scene dataset WHU, among others, and compared the accuracy of the four most
mature models, as well as two single models internally, to gain an insight into their
performance. In recent years, there have been many advanced deep learning-based super-
resolution reconstruction methods. In the future, there is an interest in conducting more
comparisons to explore the advantages and disadvantages of different datasets for dif-
ferent models. Although the CSWGAN is trained based on cross-sensor datasets, for the
simulated dataset, this paper reconstructed scenes from the WHU dataset and achieved
better results than other models for most scenes, demonstrating the universality of the
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model. The proposal of the cross-sensor remote sensing dataset GF_Sen based on GaoFen-2
and Sentinel-2 supplements the current benchmark pairs of remote sensing image datasets
in the field of remote sensing super-resolution reconstruction, providing a benchmark
dataset for applications such as fine-grained classification [58], building extraction [59], tree
detection [60], and detailed land cover mapping [61]. This dataset addresses the conditions
of (1) different sensors, (2) regional diversity, (3) temporal consistency, and (4) challenging
scenes, supporting the design of more advanced SR models.

6. Conclusions

In this paper, we introduced a new real high- and low-resolution dataset (GF_Sen) and
proposed a cascade structure network CSWGAN for super-resolution.

GE_Sen is a benchmark paired dataset of real remote sensing images, which is com-
posed of Sentinel-2 and GaoFen-2 images. The experiments demonstrate that networks
trained on this dataset can have a better performance than those trained on a simu-
lated dataset.

In addition, a GAN-based remote sensing image super-resolution method CSWGAN
is proposed in this paper, which adopts a cascaded generative adversarial network and is
composed of single-structure networks proposed by the SGAN and WGAN. The CSWGAN
combines the advantages of the SGAN and WGAN and has strengthened its capability
to model long-range dependencies between different frequency domains and regions, as
well as acquiring global topological information and local texture details. This solves the
challenge of using a single network model to simultaneously target real low-resolution
images and obtain better reconstruction results. Finally, comparing with different networks
and different scene types and scales of scenes, it has been proven that the CSWGAN has a
more obvious advantage in reconstructing scenes with more detailed textures, and achieves
the best quantitative and qualitative results on relevant datasets.
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