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Abstract—Sentinel-5P (S5P) satellite provides atmospheric
measurements for air quality and climate monitoring. While the
S5P satellite offers rich spectral resolution, it inherits physical
limitations that restricts its spatial resolution. Super-resolution
(SR) techniques can overcome these limitations and enhance the
spatial resolution of SSP data. In this work, we introduce a novel
SR model specifically designed for S5P data that have eight spec-
tral bands with around 500 channels for each band. Our proposed
S5-DSCR model relies on Depth Separable Convolution (DSC)
architecture to effectively perform spatial SR by exploiting cross-
channel correlations. Quantitative evaluation demonstrates that
our model outperforms existing methods for the majority of the
spectral bands. This work highlights the potential of leveraging
DSC architecture to address the challenges of hyperspectral SR.
Our model allows for capturing fine details necessary for precise
analysis and paves the way for advancements in air quality
monitoring as well as remote sensing applications.

Index Terms—Sentinel-5P, Remote Sensing, Super-Resolution,
Hyperspectral Images, Depth Separable Convolution

I. INTRODUCTION

In 2017, the Sentinel-5 Precursor (Sentinel-5P or S5P)
satellite was launched by the European Space Agency (ESA)
in collaboration with the European Commission aiming for
enhanced Earth observation capabilities [1]. The satellite mon-
itors the atmospheric species which impact global air quality,
greenhouse gases, and ozone layer dynamics [2]. It provides
data relevant to atmospheric and environmental observations
and climate research. This global data supports policy-making
and WHO efforts towards improving public health, prioritizing
global air quality monitoring and reducing exposure to air
pollution [3].

The S5P operates into 8 different spectral bands [4].
Through these bands, S5P measures radiance data across 3942
frequency spectral channels and captures hyperspectral (HS)
images enabling the spectral analysis. The pixels of the HS
images are generated through a combination of scans in the
cross-track direction (perpendicular to the satellite’s motion)
and the ones in the along-track (parallel to the satellite’s mo-
tion) [5]. The spatial resolution of the images is approximately
3.5 x 5.5 km? per pixel [1, 5].

While the S5P satellite offers rich spectral resolution, mak-
ing it an invaluable tool for environmental monitoring, its
spatial resolution is limited by physical constraints, such as the
trade-off between pixel size and the amount of light detected,
potentially affecting image quality [6]. These limitations re-
strict its potential for finer-scale analysis, necessitating ad-

vanced image processing techniques such as super-resolution
(SR) to enhance spatial resolution and improve the quality of
S5P data for more precise environmental monitoring [7].

The unique spectral characteristics and inter-channel re-
lationships of S5P HS data necessitate the development of
more specific SR models. The S5Net model has recently been
introduced as the first tailored SR approach for S5P data.
Initially, this model was designed to handle individual spectral
bands and a single channel at a time [8]. Later, SSNet was
extended to process multiple spectral bands considering all
the channels [9]. In this work, we present a novel approach,
S5-DSCR, to enhance the spatial resolution of SSP HS images.
Our contributions are as follows:

e We use Depth Separable Convolution (DSC) architecture
that captures both the spatial and spectral relationships
within and across channels. This lightweight architecture
ensures capturing the interdependencies across all the
spectral channels while reducing complexity.

o Considering the unique spectral characteristics of each
band, we trained the same model separately for each spe-
cific band. This approach ensures the model is optimized
and efficient for the unique features of each individual
band.

e We compiled a comprehensive dataset comprising HS
images from 15 orbits representing diverse spatial and
spectral characteristics and providing maximum coverage
of Earth’s surface.

The plan of this paper is as follows: Section II reviews
the related work. The methodology is described in Section
IIT including problem formulation and the proposed method
to resolve. Then, Section IV details the experimental setup.
Section V presents and analyzes the results. Finally, Section
VI concludes and draws potential perspectives

II. RELATED WORK

SR is an important branch of image processing that produces
high-resolution (HR) images from low-resolution (LR) images.
SR techniques are broadly classified into single-image super-
resolution (SISR) and multi-image super-resolution (MISR)
[10]. Since each S5P scan is unique, this work is focused on
SISR approaches.

Over the years, numerous methods have been proposed
to address SISR [10-14]. The classical and earliest ap-
proaches are interpolation-based techniques [15-19], such
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as nearest neighbour and bicubic interpolation. Variational
techniques [20-24], such as Total Variation (TV), iterative
back-projection, and maximum a posteriori (MAP), leverage
optimization and regularization techniques to enhance the
SISR. However, with the rapid development of resources
and techniques, deep learning approaches became dominant
and achieved state-of-the-art performance in SR tasks. These
approaches map the features of LR images to HR images.
Although all the approaches basically employ the same es-
sential ideas, they differ in network architecture and opti-
mization. Designs such as residual networks [25-32], dense
connections [33-36], attention mechanisms [30, 31, 37-39],
GANSs [33, 40-43], diffusion models [44], and group learning
[29, 32, 45, 46], represent the diversity in approaches.

Unlike grey or RGB images, HS images have hundreds of
spectral channels. This makes SR more challenging due to
the need to map the features of a larger number of channels.
The overall complexity of the model increases gradually as
the number of channels increases making the process more
challenging to consider the spectral dimension [14]. Consid-
ering reducing dimensions and applying convolution along
the spectral dimension can achieve more improvement in SR
for HS images [47-49]. However, as HS images exhibit a
high correlation along the spectral dimensions, often these
methods neglect to account for this correlation [50]. DSC
addresses this limitation by representing standard convolution
across the spectral channels with convolutions that incorporate
the features across both the spectral channels and spatial
dimension [51]. Several studies used DSC for SR [52-56].

Remote sensing imaging, particularly S5P images, differs
from classical HS images due to its unique multi-band struc-
ture, spanning eight bands and almost 500 spectral channels
with varying resolutions. For this reason, S5P images require
the development of SR models tailored specifically to preserve
spectral fidelity and handle its characteristics. The S5Net
model introduced the first deep-learning approach designed
specifically for SSP images with lightweight architecture [8].
Initially, this model was developed for the monochromic
images (central spectral channel only), and S5net was later
modified to process all the channels of the S5P images through
the fine-tuning cascade procedure [9]. This approach begins
at the central channel and iteratively expands to include
all the spectral channels. However, it still processes each
channel individually, missing the utilization of inter-channel
information.

III. PROPOSED METHOD
A. Problem Formulation

The objective of this study is to enhance the spatial reso-
lution of Sentinel-5P Level-1B radiance products using SISR
techniques. For each band, the HS image consists of mul-
tiple spectral channels with relatively low spatial resolution.
Following [9], to demonstrate the feasibility of SISR in S5P
data, the original HS images were degraded to obtain the LR
images while the original HS images acted as the HR ground
truth.
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(a) Architecture of S5-DSCR (L=5) and S5-DSCR-S (L=1) models
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Fig. 1: Overview of our proposed models and their inner DSC
module
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The original degradation model [8] was used to simulate the
LR images. This process involves simulating the real-world
image acquisition process, such as blurring, to create realistic
LR images that closely resemble the actual HS images. The
degradation process involved applying a Point Spread Function
(PSF) to model the blurring effect. The blurring kernel K
is simulated by asymmetric Gaussian function with different
standard deviations in the along-track and cross-track direc-
tions. For S5P data, the standard deviations vary for each
detector [8]: 0.37 and 0.36 (UV), 0.44 and 0.74 (UVIS), 0.45
and 0.74 (NIR), and 0.15 and 0.20 (SWIR) in the across-track
and along-track directions, respectively. A scaling factor of 4
was utilized to downsample the HR images.

B. Architecture

Our proposed model builds based on the DSC architecture.
DSC is composed of two stages (Figure 1b): depthwise
convolution (intra-channel) in which each input channel is
independently convolved with a filter to extract features of
this channel, followed by a pointwise convolution (intra-pixel)
that combines the outputs of the depthwise stage with 1 x 1
convolution creating a new feature map. This representation
significantly reduces the number of parameters and computa-
tional costs while preserving spectral fidelity [57, 58].

We introduce two versions of our model, S5-DSCR and its
lightweight variant S5-DSCR-S. Figure 1 illustrates our pro-
posed model. S5-DSCR incorporates multiple DSC modules
with L=5, serving as five recursive layers, and integrates a
residual connection to efficiently extract spatial and spectral
features from HS images. S5-DSCR-S retains comparable
performance with a single DSC module (L=1) making it
suitable for resource-constrained environments.



The architecture adopts a cascaded design with a pre-
upsampling approach that maintains effective feature extrac-
tion. Initially, the LR input image is upsampled using bicubic
interpolation to generate an intermediate image that provides a
baseline estimation of the final super-resolved (SR) image with
the intended spatial dimensions. To extract the complex spatial
and spectral features, the intermediate image is then given to
the DSC module that processes jointly all the channels. This
module restores missing high-frequency details to be added
to the bicubic interpolation. Each depthwise convolution in
the DSC module employs a 5 x 5 kernel, generating the
intermediate feature maps. Each of these feature maps has
the same size as the input image making the model memory
efficient. Eventually, the residual connection combines the
bicubic interpolation and the DSC output to obtain the final
SR image.

C. Training Details

To consider the characteristics of each band, the same model
was trained separately for each band. This ensures the model
is optimized for each band’s unique characteristics, such as
the number of channels, spatial resolution, noise ratio, etc.
Additionally, this approach allows for better adaptation to
variations in spectral resolution and spatial complexity.

We trained both S5-DSCR and S5-DSCR-S. The training
was performed on the HS images described below. The data
was split into completely separate, non-overlapping training,
validation, and testing with 65%, 20%, and 15% respectively,
ensuring a balanced representation of spatial and spectral
diversity. Each image was divided into overlapping patches of
size 64 x 64 and 256 x 256 for LR and HR images, respectively.
We employ Mean Square Error (MSE) loss to train the models
and optimize them using the Adam optimizer with the default
PyTorch parameters. The initial learning rate was set to 10~3
and reduced by a factor of 0.1 when the loss value did not
improve for three epochs.

IV. EXPERIMENTS
A. Dataset

We used Sentinel-5P radiance data as the primary source
of images for this study. These data are freely accessible
on Copernicus’ official website [59] as Level-1B radiance
data. The dataset comprises data from 15 orbits covering
distinct regions acquired on January 4, 2023, and September 7,
2023. The orbits cover data from diverse geographical regions,
including Africa, the Gulf countries, America, Europe, Asia,
and New Zealand. These regions were selected to represent
various climatic and geographical conditions, ensuring that the
dataset captures diverse spatial and spectral characteristics and
provides maximum coverage of Earth’s surface.

Each orbit contains radiance data of eight distinct bands as
indicated in Table I. Band 1 was not included in this study
because of its low signal-to-noise ratio [9]. Due to orbital and
regional variations, the radiance data exhibits various spatial
dimensions. The full radiance image spans a range of 4172
to 3735 along-track (scanlines) and 450 to 215 across-track

TABLE I: Sentinel-5P spectrometers characteristics

Spectrometer # Channels Name Range (nm)
. UV-1/Band 1 270-300
Ultraviolet (UV) 497 UV-2 / Band 2 300-320
. - UVIS-1/Band 3 320-405
Ultraviolet Visible (UVIS) 497 UVIS-2 / Band 4 405-500
NIR-1 / Band 5 675-725
Near-Infrared (NIR) 497 NIR-2 / Band 6 725.775

SWIR-1/ Band 7 2305-2345

480 SWIR-2 / Band 8 2345-2385

Shortwave-Infrared (SWIR)

(ground pixels), depending on the specific region and band. To
ensure consistency and computational efficiency, we cropped
each radiance image into multiple images of size 512 x 256
for all bands and 512 x 215 for SWIR bands. In contrast to [8],
which focuses on a region corresponding to the central part
of the swath, this cropping allows for the inclusion of more
diverse regions. We excluded images exhibiting anomalies or
extreme values due to inconsistent radiance measurements
or sensor artefacts to further refine the dataset. This was
performed using a combination of the interquartile range (IQR)
to detect outliers beyond 1.5 times the IQR and 1% percentile
clipping [60, 61].

B. Evaluation Metrics

The performance of the model was evaluated using standard
metrics that assess image quality and spectral fidelity. These
metrics provide an objective evaluation of the spatial and
spectral resolution of each band. We used four measures [62—
64]: Peak Signal-to-Noise Ratio (PSNR), Spatial Correlation
Coefficient (SCC), Structural Similarity Index (SSIM), and
Learned Perceptual Image Patch Similarity (LPIPS). PSNR
quantifies pixel-level accuracy, and SCC measures spatial
feature correlation. Considering the perceptual analysis, SSIM
assesses perceptual similarity taking into account luminance,
contrast, and structural information while LPIPS evaluates
perceptual differences using deep features. These metrics col-
lectively offer a global assessment focusing on both perceptual
and structural fidelity.

V. RESULTS

The performance of our proposed models was quantita-
tively evaluated against the separate test dataset and compared
against two methods: cubic interpolation and S5Net [9]. Since
S5Net has three different weights, we used the validation
dataset to decide the optimal weight for our data. S5-DSCR
and S5-DSCR-S have 3.9M/3.6M and 0.25M/0.24M (bands
2-6/7-8) parameters, respectively. In contrast, SSNet has 57k
parameters per channel, resulting in 28.5M/27.5M (bands 2-
6/7-8) parameters when applied across all channels. Table II
depicts the evaluation results.

Bicubic interpolation served as a baseline method showing
how difficult the SR would be since it is not a learnable
method. The heterogeneity in the performance of the bicubic
interpolation confirms that each band need to be processed
separately.



TABLE II: Performance metrics for SR models on our S5P
testing dataset. Best results are in bold, second-best underlined.

Band  Method PSNR 1 SCC 1 SSIM 1 LPIPS |
BICUBIC 3213 0846 0940  0.107

SSNET 3230 0845 0934  0.058

BAND2 oS'DSCR - 37.16 0866 0952 0.051
S5-DSCR-S 3555 0875 0905  0.095
BICUBIC 27.10 0887 0875  0.19%

SSNET 2898 0846 0906  0.135

BAND 3 oS'DSCR 3380 0910 0915  0.063
SS-DSCR-S 3274 0916 0919  0.132
BICUBIC 2543 0772 0776 0231

SSNET 2628 0.8589 07467 0.2944

BAND 4 ¢iDSCR - 2696 0777 0784 0222
SS-DSCR-S 2683 0788 0.796  0.220
BICUBIC 2021 0683 0609  0.387

SSNET 2679 0730 0745  0.269

BAND S sDSCR 2471 0726 0692 0292
SS-DSCR-S 2452 0743 0712 0282
BICUBIC 2262 0757 0710 0273

SSNET ~ 27.60 0843 0759  0.269

BAND 6 oSDSCR - 2577 0764 0717 0247
SS-DSCR-S 2445 0775 0725 0227
BICUBIC  12.54 0794 0523 0320

SSNET 2705 0818 0854  0.446

BAND 7 osDSCR - 3194 0962 0910  0.0541
S5-DSCR-S 3002 0867 0811  0.195
BICUBIC  12.58 0853 0431 0324

SSNET 3159 0820 0.865  0.192

BAND 8 oSDSCR 3480 0919 089  0.153
SS-DSCR-S 2991 0913 0819  0.183

The S5-DSCR model consistently demonstrated superior
performance across most of the bands. This is indicated by
achieving the highest scores in PSNR, SCC, and SSIM while
maintaining the lowest LPIPS values. Hence, S5-DSCR has
a strong ability to recover HR images with both spatial and
spectral fidelity, particularly its ability to maintain significant
perceptual quality. On the other hand, S5-DSCR-S captures
spectral correlations better than S5-DSCR while maintaining
good perceptual quality that is comparable results to SS5-
DSCR. Notably, S5Net performed reasonably well overall
in most of the metrics except for LPIPS, suggesting it has
lower perceptual quality. Although bands 7 and 8 possess
a low-resolution nature, S5-DSCR demonstrates significant
improvements across all metrics. This showcases that SS5-
DSCR is robust for challenging bands such as these bands
and can address various spatial complexities. On the other
hand, the performance on bands 5 and 6 was not superior.
We argue that this could be due to the higher variation across
channels, especially considering that NIR spectrometers are
vulnerable and sensitive to environmental factors such as light
and weather conditions [65].

Additionally, we provide qualitative SR results of the pro-
posed S5-DSCR model in Figure 2 (only three bands are
displayed due to space constraints). For visualization, we
applied Principal Component Analysis (PCA) to identify the
three most significant components of the ground truth image.

Fig. 2: SR results of S5-DSCR model for, from top to bottom,
bands 3, 5 and 7, with, from left to right, LR, ground truth
HR, and our result. For visualization, each image is displayed
in the first three PCA components of the ground truth.

It can be observed that the reconstructed images contain high-
frequency details consistent with the ground truth.

Overall, both quantitative and qualitative analyses demon-
strate superior performance. Hence, the proposed models are
robust and reliable models for SSP data.

VI. CONCLUSION

In this study, we introduced SR models designed specifically
for S5P data, utilizing DSC architecture to capture inter-
channel correlations while reducing computational complexity.
We coupled DSC with residual connections to enhance feature
extraction and stability. As a result, our models achieve
superior performance across most of the spectral bands while
being lightweight and memory efficient.

A limitation of this work is the reliance on simulated LR
data which might not fully provide the degradation patterns. As
a future research direction, we plan to explore self-supervised
training for the original SS5P data as well as testing the model
on other satellites datasets to evaluate models’ generalization
ability.
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