
1. Introduction
1.1. Problem statement
The European Space Agency freely provides multispectral imagery from
the Sentinel-2 (S2) mission. The spatial resolution of these images for the
RGB and Near-Infrared (RGBN) bands is 10 m, which is sufficient for many
applications but inadequate for others. Enhancing their spatial
resolution at no additional cost would significantly benefit any
subsequent analyses based on these images.

1.2. Related works
▪ Single-image super-resolution (SISR) approaches often struggle to

recover high-frequency details [1].

▪ Generative deep learning architectures (GANs) can produce visually
appealing results but introduce the risk of hallucination, which may
negatively impact downstream analyses [2].

▪ In the Earth Observation domain, preserving the radiometry of the
original image is crucial for reliable interpretation [3].

1.3. Proposal
We present a non-GAN SISR approach to enhance the spatial resolution
of Sentinel-2 imagery up to 2.5 m, building upon our previous research
(SENX4) [3] which was based on the Enhanced Deep Super-Resolution
Network (EDSR) [4] and Planet Scope (PS) imagery as ground truth. Our
method ensures results that are both realistic and radiometrically
consistent. The main contributions are:

▪ An improved dataset incorporating a high-resolution reference sensor
with better spectral alignment to Sentinel-2.

▪ The adoption of a state-of-the-art SISR architecture, the Second-
Order Attention Network (SAN) [5].

2. Methodology
2.1. Dataset and Selection Criteria
▪ Geosat (GS) imagery was used as a high-resolution reference, selected

for its spectral similarity to S2.

▪ Image pairs were collected with cloud cover < 5% and acquisition
angles within [–15°, 15°] to ensure temporal and geometric compatibility
with S2.

2.2. Preprocessing pipeline
▪ Image co-registration was performed using the Lucas–Kanade Optical

Flow algorithm [6].

▪ Color correction was applied using Histogram Matching to align
radiometric properties.

▪ The imagery was divided into a grid of 40×40 S2-pixel cells.

2.3. Patch Filtering and Dataset Split
▪ Patches were retained if their PSNR fell between 18 and 29.

▪ A train/validation/test split was created, stratified by geographic
location and land use categories (based on CORINE).
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2.4. Model
▪ Switched EDSR to the SAN, which incorporates Batch Normalization

within its Residual Blocks for improved stability and performance.

▪ Modified the original SAN architecture by adding blurring blocks
based on Average Pooling layers to mitigate checkerboard pattern
artifacts commonly introduced by upsampling operations.

3. Results
Table 1. Results obtained by the different SISR approaches

Figure 1. Results obtained in a testing urban zone

4. Conclusions
▪ Using Geosat as reference data enables accurate supervision for

high-resolution tasks.

▪ Specific adjustments in CNN architectures help mitigate the
checkerboard artifact, improving visual quality.

▪ The methodology was further supported through radiometric
validation of the outputs.

5. Future work
▪ Extend the dataset both spatially and temporally to increase

generalization.

▪ Explore novel model architectures, including Vision Transformers
(ViTs).

▪ Assess model performance on downstream tasks, such as land
cover classification or object detection.

Method Ref. Sensor PSNR SSIM
Bicubic - 24.86 0.6059
SENX4 (EDSR) Planet Scope 25.52 0.6576
EDSR Geosat 25.91 0.6683
SAN Geosat 26.30 0.6831
SAN (ours) Geosat 26.88 0.7194

Sentinel-2 (PSNR/SSIM) Bicubic (22.71db/0.4841) SENX4 (23.82db/0.5929) Geosat

EDSR (23.75db/0.5839) SAN (24.43db/0.5990) SAN (ours) (25.26db/0.6689)


