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ABSTRACT

Sentinel-2 satellite imagery plays a crucial role in various Earth observation applications, but its spatial
resolution is limited. Super-resolution techniques aim to enhance the resolution of Sentinel-2 images,
enabling finer details to be observed. This paper presents a novel deep learning model, Super Resolution
Attention Network (SRAttentionNet), designed for super-resolution of Sentinel-2 images. The model
incorporates attention mechanisms within residual blocks to selectively focus on important features,
leading to improved reconstruction quality. This paper evaluates SRAttentionNet on the SEN2VENµS
dataset and compares its performance with state-of-the-art models like Deep Sentinel-2(DSen2),
Enhanced Deep Super-Resolution (EDSR), and Efficient Sub-Pixel Convolutional Neural
Network(ESPCN). The results demonstrate that SRAttentionNet outperforms these models in terms of
Peak Signal to Noise ratio(PSNR), Structural Similarity(SSIM), and visual quality, highlighting the
effectiveness of attention mechanisms in super-resolution tasks.
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Super-resolution techniques offer a solution to
this problem by enhancing the resolution of lower-
resolution bands to match that of the highest
resolution bands. The evolution of super-resolution
for satellite images has progressed significantly,
transitioning from traditional interpolation methods
to sophisticated deep learning models. Initially, basic
techniques like bicubic interpolation were used, but
they often produced blurry results with limited detail
enhancement.

The advent of deep learning revolutionized the
field, with models like Super-Resolution
Convolutional Neural Network (SRCNN) pioneering
the use of Convolutional Neural Networks (CNNs)
(Dong et al., 2015, 2016) for super-resolution. This
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Introduction

Sentinel-2 is a constellation of two Earth
observation satellites operated by the European Space
Agency (ESA) as part of the Copernicus Programme.
These satellites provide high-resolution multispectral
imagery of the Earth’s surface, covering a wide range
of applications such as land monitoring, agriculture,
forestry, and disaster management. However, the
spatial resolution of Sentinel-2 images varies across
different spectral bands, with some bands having
lower resolution than others. This limitation can
hinder the ability to discern fine details in the
imagery.
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marked a shift towards learning-based approaches
that could capture complex patterns and relationships
in image data. Subsequent models like Fast Super-
Resolution Convolutional Neural Network
(FSRCNN) (Passarella et al., 2022) and Very Deep
Super-Resolution (VDSR) (Kim et al., 2016) further
refined CNN architectures, focusing on efficiency
and depth to improve performance.

The introduction of generative adversarial
networks (GANs) with SRGAN [Nagano and Kikuta,
2018] brought a new dimension to super-resolution,
enabling the generation of visually realistic high-
resolution images with finer details and textures.
Attention mechanisms, as seen in Residual Channel
attention Networks (RCAN) (Zhang et al., 2018a)
and second order Attention Network (SAN) (Dai et
al., 2019), further enhanced the ability of models to
selectively focus on important features, leading to
even better reconstruction quality.

Recent advancements have explored various
architectural innovations, such as Residual Dense
Networks (RDN) (Zhang et al., 2018b), Cascading
Residual Networks (CARN) (Ahn et al., 2018), and
enhanced GANs (ESRGAN) (Lin, 2022), to push the
boundaries of super-resolution performance.
Additionally, techniques like Meta-learning Super
Resolution (Meta-SR) (Hu et al., 2019) and
progressive super-resolution (ProSR) (Hajian and
Aramvith, 2023; Kim et al., 2019) have been
introduced to address challenges like adaptability and
stability.

The evolution of super-resolution for satellite
images continues to be an active research area, with
ongoing efforts to develop more sophisticated models
that can produce high-quality, detailed images for
various applications in Earth observation and remote
sensing.

In this paper, a novel deep learning model called
SRAttentionNet for super-resolution of Sentinel-2
images has been proposed. This model incorporates
attention mechanisms within residual blocks,
allowing it to selectively focus on important features
during the reconstruction process. This attention
mechanism enables the model to better preserve fine
details and textures, leading to improved image
quality.

SRAttentionNet is evaluated on the
SEN2VENµS dataset, which consists of paired
Sentinel-2 and VENµS satellite images. VENµS
images have a higher spatial resolution than Sentinel-
2 images, making them suitable as reference images
for super-resolution. The performance of
SRAttentionNet is compared with state-of-the-art
models like Bicubic (Liu et al., 2013), DSEN2
(Lanaras et al., 2018), EDSR (Lin, 2022), and
ESPCN (Shi et al., 2016). The results demonstrate
that SRAttentionNet outperforms these models in
terms of peak signal-to-noise ratio (PSNR) (Hore and
Ziou, 2010), structural similarity index measure
(SSIM) (Hore and Ziou, 2010), and visual quality.

Related Work

Super-resolution of satellite imagery has been
an active research area in recent years. Dong et al.
(2015 & 2016) introduced the concept of using deep
convolutional neural networks for super-resolution,
demonstrating their effectiveness in learning the
mapping between low-resolution and high-resolution
images. Kim et al. (2016) explored the use of very
deep networks for super-resolution, showing that
increasing the network depth can lead to better
performance. Ledig et al. (2017) introduced the use
of generative adversarial networks (GANs) for super-
resolution, producing visually appealing high-
resolution images with finer details and textures. Li
et al. (2019) introduced super-resolution feedback
network (SRFBN) to refine low-level representations
with high-level information. Zhang et al. (2018a,b)
proposed this model, incorporating channel attention
mechanisms into a residual network architecture,
enabling it to selectively focus on important features
and achieve state-of-the-art performance. Dai et al.
(2019) introduced this model, extending the attention
mechanism to second-order interactions, further
improving the performance of super-resolution
networks. Wang et al. (2018, 2021) improved upon
SRGAN by incorporating several enhancements,
such as a relativistic discriminator and a perceptual
loss function, resulting in even better visual quality.
Tong et al. (2017) introduced a novel single image
super resolution method by introducing dense skip
connections to boost reconstruction performance.
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Material and Methods

Proposed Method

The proposed model, SRAttentionNet, is a deep
learning model designed for super-resolution of
Sentinel-2 images. The model architecture is based
on a residual network (ResNet), which consists of
multiple residual blocks. Each residual block contains
two convolutional layers with a skip connection. This
skip connection allows the network to learn residual
functions, making it easier to train deeper networks.

Attention mechanism is incorporated within each
residual block to selectively focus on important
features. The attention mechanism consists of two
parts: a channel attention module and a spatial
attention module. The channel attention module
learns to weight the importance of different channels,
while the spatial attention module learns to weight
the importance of different spatial locations.

The overall architecture of SRAttentionNet is
shown in Fig. 2. The model takes a low-resolution
Sentinel-2 image as input and produces a high-
resolution image as output. The input image is first
passed through a convolutional layer to extract initial
features. These features are then passed through
multiple residual blocks with attention. Finally, the
features are upsampled using a pixel shuffle layer to
produce the high-resolution output image.

Dataset

SEN2VENµS (Michel et al., 2022) is an open
dataset (available at https://zenodo.org/records/
6514159) designed for the super-resolution of
Sentinel-2 images by leveraging simultaneous
acquisitions with the VENµS satellite. The dataset
consists of 10m and 20m cloud-free surface
reflectance patches from Sentinel-2, with their
reference spatially-registered surface reflectance
patches at 5 meters resolution acquired on the same
day by the VENµS satellite. The dataset covers 29
locations with a total of 132,955 patches of 256×256
pixels at 5m resolution and is intended for the training
of super-resolution algorithms to enhance the spatial
resolution of the Sentinel-2 bands to 5m. Preparation
of training data for super-resolution tasks using the
Sen2Venus dataset includes the input and target
tensors.

Input tensor: Low-resolution Sentinel-2 data (10m
or 20m bands, or a combination of both).

Target tensor: High-resolution Venus data (5m
bands). The goal of the super-resolution task is to
learn a model that can take the low-resolution
Sentinel-2 data as input and produce an output that
matches the high-resolution Venus data. During
training, the model will be optimized to minimize
the difference between its output and the target tensor
(high-resolution Venus data) using a suitable loss
function, such as Root Mean Squared Error (RMSE)
, and the dataset files are stored as PyTorch tensor
files with the .pt extension. Fig. 1 shows different
bands of input images and target images.

The image patches are encoded as ready-to-use
tensors serialized by the PyTorch library. The tensors
have the shape [n, c, w, h] where n is the number of
patches, c=4 is the number of spectral bands, w is
the patch width and h is the patch height. The tensor
values are encoded as 16-bit signed integers to save
storage space. To convert them back to floating point
surface reflectance values, each value needs to be
divided by 10,000 after loading the tensor. There are
separate tensor files for the different spatial
resolutions (5m, 10m, 20m) and spectral band groups
of the Sentinel-2 data. The naming convention for
the tensor files follows the pattern
{id}_{resolution}_{bands}.pt, e.g. ALSACE_
32TLR_20190822_05m_b2b3b4b8.pt contains 5m
resolution patches for Sentinel-2 bands 2, 3, 4, 8.

Network Architecture

SRAttentionNet, the proposed model for super-
resolution of multi-spectral imagery, features a
comprehensive architecture optimized for high-
performance and efficiency. Fig. 2 represents the
architecture of the proposed model. It begins with
an initial convolution layer, followed by 32 Residual
Blocks with Attention, a mid-convolution layer with
a global residual connection, an upscaling module
using PixelShuffle, and a final convolution layer. Key
features of SRAttentionNet include:

a. Residual Blocks with Attention: Each block
contains two convolutional layers, incorporates
a channel-wise attention mechanism, uses Leaky
ReLU activation with a slope of 0.2, and applies
a scaling factor of 0.1 to the output.
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Fig. 1. First row-5m band Sentinel-2, Second row-10m bands Sentinel-2, third-20m bands Sentinel-2 and last
row 5m bands VENµS (from top to bottom)
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Fig. 2. Architecture of SRAttentionNet

b. Dense Structure: The model utilizes 32 residual
blocks, and 256 feature channels, allowing for
richer feature learning.

c. Attention Mechanism: The channel-wise
attention in each residual block helps the network
focus on the most important features, enhancing
the detail preservation and artifact suppression.

d. Upscaling: The PixelShuffle technique is
employed for efficient and effective upscaling,
minimizing artifacts compared to traditional
methods.

e. Input/Output: Designed to handle 4-channel
input/output, SRAttentionNet is tailored for
multi-spectral imagery, such as those from
Sentinel-2 satellites.

Evaluation Metrics

SSIM (Structural Similarity Index Measure)

SSIM is used to measure the similarity between
two images. It is designed to improve upon traditional
metrics like PSNR and MSE by considering changes
in structural information (Captures the structures
within an image, such as edges and textures). Higher
the value better performance.

It is calculated using the following formula,
where x and y are the two images being compared:

• µx and µy: Mean intensities of  images x and y
· s2

x and s2
µ : Variances of  images and

· sxy: Covariance of  x and y
· c1 and c2: Small constants to avoid division by zero.

• SSIM values ranges from -1 to 1, where 1
indicates perfect similarity

PSNR (Peak Signal-to-Noise Ratio)

PSNR measures the ratio between the maximum
possible power of a signal (image) and the power of
corrupting noise that affects the fidelity of its
representation. It is commonly used to quantify the
quality of reconstructed images. Higher the value
better performance.
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Fig. 3. Model predictions for 2x resolution. First row shows input low resolution images, second row shows high
resolution target images and third row shows the predicted high resolution images (from top to bottom)

Fig. 4. Model predictions for 4x resolution. First row shows input low resolution images, second row shows high
resolution target images and third row shows the predicted high resolution images (from top to bottom)

• MAXI: Maximum possible pixel value of the
image (e.g., 255 for 8-bit images).

Root Mean Squared Error (RMSE)

Root Mean Squared Error between the original
and reconstructed image, calculated as:

• I and K: Original and reconstructed images
• m and n: Dimensions of the images.

Normalized Cross Correlation Coefficient
(NCC)

This metric is useful for the quantification of
image similarity. Higher the value better performance.
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• xi and yi : Pixel values of the images x and y

• x– and y– : Mean pixel values of x and y

• NCC values range from -1 to 1, where 1 indicates
perfect correlation.

Error of Relative Global Adimensional Synthe-
sis (ERGAS)

It is a quality evaluation method proposed for
image fusion research, which reflects the degree of
spectral distortion between the restored image and
the reference image. Lower the value better
performance.

• l and h represent the resolution before and after
image reconstruction

• k represents the number of bands

• µ(k) represents the average of  band

• RMSE represents the root mean square error of
the image.

Spectral Angle Mapper (SAM)

Spectral Angle Mapper [Chakravarty et al.,
2021] determines the spectral similarity between
image spectra and reference spectra. Lower the value
better performance.

SSIM Loss

It is used in combination with NCC to train the
model, aiming to better preserve structural
information in the reconstructed images.

SSIM Loss = 1 – SSIM (x, y)

This transforms the SSIM index into a loss
function where a lower value indicates better
performance.

Metrics like PSNR, SSIM, NCC, RMSE, SAM,
ERGAS were used as quantitative and qualitative
metrics to evaluate the quality of the reconstructed
images.

Training Details

All models were trained on an NVIDIA RTX
3090 GPU. Each model underwent training for 10
epochs to ensure a fair comparison. We train
SRAttentionNet using the Adam optimizer with a
learning rate of 0.0001. A batch size of 32 and the
L1 loss function is used to optimize the model.

Results and Discussion

The quantitative results of our experiments are
shown in Table 1 for 2x and Table 2 for 4x.
SRAttentionNet outperforms all other models in
terms of PSNR and SSIM. This demonstrates
the effectiveness of attention mechanisms in
improving the quality of super-resolved Sentinel-2
images.

The visual comparisons of the reconstructed
images are also provided in Figure 2. SRAttentionNet
produces sharper and more detailed images than the
other models. This is particularly evident in
areas with fine textures, such as vegetation and urban
areas.

Table 1. Comparision results for 2x Resolution

Model PSNR SSIM NCC RMSE SAM ERGAS

Bicubic 45.5413 0.9882 0.9463 0.0056 0.6546 0.6647
DSen2 46.2345 0.9910 0.9576 0.0051 0.5904 0.5979
EDSR 46.7697 0.9915 0.9594 0.0048 0.5695 0.5746
ESPCN 45.9959 0.9902 0.9528 0.0053 0.6206 0.6261
SRAttentionNet 47.4430 0.9929 0.9661 0.0044 0.5305 0.5354
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Conclusion

In this paper, a novel deep learning model-
SRAttentionNet, for super-resolution of Sentinel-2
images is proposed. This model incorporates
attention mechanisms within residual blocks to
selectively focus on important features, leading to
improved reconstruction quality. SRAttentionNet is
evaluated on the SEN2VENµS dataset and compared
its performance with state-of-the-art models like
Bicubic, DSEN2, EDSR, and ESPCN. The results
demonstrate that SRAttentionNet outperforms these
models in terms of PSNR, SSIM, and visual quality,
highlighting the effectiveness of attention
mechanisms in super-resolution tasks.
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