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Abstract

Although the Sentinel-5 Precursor (S5P) satellite provides valu-
able global information on key air pollutants, its spatial resolu-
tion remains insufficient to capture their fine-scale distribution
in confined areas such as cities, where concentrations are typ-
ically highest. Ground-based monitoring networks, while more
detailed, are sparse or even absent in many regions, making
satellite observations indispensable. Among current platforms,
S5P offers the best compromise between spectral resolution —
allowing the monitoring of multiple pollutants — spatial resol-
ution, and global coverage. Nevertheless, physical constraints
prevent improvements beyond its nominal spatial resolution,

underscoring the relevance of image enhancement techniques.

This thesis presents the first application of a super-resolution
approach — single-image super-resolution (SISR) — to S5P ra-
diance data. We introduce SHNet, a lightweight deep-learning-
based model that delivers excellent performance while remain-
ing simpler than state-of-the-art architectures. In particular,
we characterise SHP’s payload by modelling its imaging acquis-
ition process and generating realistic low-high resolution pairs,
making the framework explicitly PSF-aware — an aspect often
overlooked in remote sensing studies. Additionally, we propose
a dynamic multi-directional cascade fine-tuning scheme that
adaptively determines the number of iterations per channel

from inter-band correlations. This approach preserves spec-



tral fidelity while optimising both spatial reconstruction and

computational efficiency.

Our framework achieves excellent results. Across all orbits,
PSF-aware SISR consistently outperforms existing methods,
showing that explicitly modelling the sensor’s degradation sub-
stantially improves spatial reconstruction. S5HNet achieves the
optimal balance between spatial detail and spectral fidelity,
aligning quantitative metrics with visual quality. Furthermore,
the proposed dynamic fine-tuning outperforms both PCA-based
and static cascade approaches, achieving a superior balance
between spatial enhancement, spectral consistency preserva-
tion, and computational efficiency. This results in particu-
larly improved performance on spectrometer-partitioned sub-
images.

To demonstrate practical benefits, we additionally apply the
framework to S5H5P imagery over a polluted urban area, ex-
tracting surface features from both original and super-resolved
images to predict the oxidative potential (OP) of particulate
matter. Predictions from super-resolved imagery consistently
outperform those from nominal-resolution data. Since OP is a
key indicator of particulate matter’s toxicity, closely linked to
adverse health effects, these results highlight the framework’s

potential for supporting urban exposure assessment.

By integrating sensor-specific characteristics and addressing
the challenges of hyperspectral remote sensing, our PSF-aware
and spectrally scalable SISR framework enhances S5P imagery
in a problem-tailored way, enabling more accurate urban ex-
posure assessments and supporting large-scale air quality mon-

itoring.
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Chapter 1

Introduction

This chapter introduces the overall context of the research,
outlining the motivations behind the study, the research
gaps it addresses, its objectives and original contributions,
and the structure of the thesis. Section 1.1 provides a
comprehensive overview of the research context, focusing on
the relevance of air quality monitoring and the role of satellite
observations, and highlights the motivation for enhancing their
spatial resolution. Building on this, Section 1.2 examines in
detail the main challenges and research gaps, with particular
emphasis on the limitations of current super-resolution
methods and the intrinsic difficulties of applying them to
satellite data. Section 1.3 then presents the objectives and
original contributions of this work, explaining the rationale
for the chosen methodological approach and outlining the
innovations introduced. Finally, Section 1.4 summarises the
organization of the thesis, providing a clear roadmap for the
subsequent chapters. In this way, the introduction connects the
scientific context, the identified research gaps, and the research
objectives with the background and literature review, as well
as with the methodological and experimental work presented

later. This highlights the coherent logic that underpins the
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study and underscores the broader significance of its outcomes.

1.1 Context and motivation

According to the World Health Organization (WHO), air
pollution is one of the leading environmental threats to
human health, ecosystems, and climate. Exposure is
increasing worldwide and is closely linked to ambient pollutant
concentrations (World Health Organization, 2021).

The spatial and temporal distribution of air pollutants depends
on multiple factors, including the geographical location of
emission sources, their operational patterns (daily or seasonal
cycles), the chemical and physical behaviour of each species
(dispersion, deposition, and interactions), and meteorological
conditions. While some pollutants are relatively homogeneous,
concentrations are often highly heterogeneous and may vary
considerably even across small spatial scales (World Health
Organization, 2021).

Given the varied and critical impacts of air pollution, from
health damages to economic losses and social inequalities, the
availability of reliable and homogeneous monitoring systems is
essential for developing effective policies. Without precise and
continuous data on pollutant levels and their distribution, it is
not possible to adequately assess population exposure or design
emission reduction strategies (World Health Organization,
2021).

Population exposure data are generally obtained by local or
national institutions using ground-level air-quality monitoring
stations (AQMSs) (World Health Organization, 2021). These
sites offer excellent temporal resolution, allowing for reliable
hourly and daily averages of several contaminants. However,

because they are costly, their distribution is uneven, especially



1.1. CONTEXT AND MOTIVATION

in rural areas and outside major cities (Siddique et al., 2024).
As a result, even for the most frequently monitored pollutants,
global coverage remains insufficient despite the increasing
number of stations worldwide (World Health Organization,
2021).

Over the past two decades, satellite observations have become
a cornerstone of air quality assessment. Satellite-derived
estimates may diverge from surface measurements due to their
column-integrated nature and the relatively coarse ground
spatial resolution (or footprint) of current sensors (Siddique
et al., 2024). Nevertheless, they are invaluable for assessing
air quality in regions lacking dense monitoring networks
and for investigating large-scale pollution patterns (Shaddick
et al., 2018; Chang et al., 2019). The European Space
Agency (ESA)’s Sentinel-5 Precursor (S5P) mission (European
Space Agency, 2022) is specifically designed to monitor
atmospheric composition and air quality on a global scale.
With a footprint of 5.5 x 3.5 km? and a spectral range
spanning from the ultraviolet to the short-wave infrared,
S5P  provides substantially higher spatial resolution and
broader spectral coverage than earlier global-scale satellites,
including NASA’s Aura (Levelt et al., 2006), and ESA’s
ERS-2 (Burrows et al., 1999), MetOp (Munro et al., 2016),
and ENVISAT (Bovensmann et al., 1999). Its resolution
also approaches that of newer geostationary missions, such
as GK-2B (Kim et al., 2020), NASA’s TEMPO (Chance
et al., 2019), and ESA’s Sentinel-4 (Courreges-Lacoste et al.,
2008), which, however, do not provide global coverage.
This combination of high spatial detail and capability for
worldwide observations makes SHP the reference mission for

high-resolution atmospheric monitoring.

Its data are routinely assimilated into major monitoring
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systems and validated with ground-based stations (Inness
et al., 2019; Borsdorff et al., 2018; Veefkind et al.,
2012). Combining S5P data with statistical models improves
surface-level pollutant estimates, outperforming previous
satellites (Wu et al., 2021; Goldberg et al., 2021), and enables
the study of seasonal and long-term air quality patterns (Riess
et al., 2022; Mathew et al., 2024). Nevertheless, S5P
cannot fully resolve intra-urban variability and local pollution
hotspots, as each observation covers a footprint of about
5.5 x 3.5 km?, reflecting an inherent trade-off between spatial

and spectral resolution.

1.2 Gaps and challenges

Multiple studies have shown the potential advantages of
higher-resolution satellite data. For instance, the use of
fine-scale models can considerably enhance local air quality
assessments (Neal et al., 2017). Likewise, capturing pollution
patterns at finer scales allows for the identification of sources
with the greatest health impacts, informing more effective
mitigation measures (Goodkind et al., 2019). Furthermore,
analyses indicate that the significance of spatial resolution
is highest for local-scale studies. ~While coarse resolution
may suffice for broad climate assessments, fine resolution is
necessary to capture small-scale variations that are relevant
for public health and urban planning (Hodnebrog et al., 2011;
Siddique et al., 2024). These findings emphasise the need for
methods that enhance the spatial resolution of current satellite
observations, bridging the gap between their relatively coarse
native resolution and the fine-scale detail required for precise

and actionable air quality monitoring.

Advanced image processing techniques offer a potential
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solution. Although they have proven effective in other domains,
including remote sensing, their application to SHP data remains
largely unexplored and challenging. Image enhancement can
increase spatial detail, but it faces intrinsic limitations and
technical difficulties. A prominent class of such techniques
is super-resolution (SR), which encompasses algorithms that
enhance an image’s spatial resolution while preserving fine
details. Essentially, SR simulates the result as if the image
had been acquired by a sensor with higher nominal resolution,
and is typically applied when no higher-resolution reference is

available, as is the case for most satellite observations (Sdraka
et al., 2022).

Most SR approaches lack a unique and stable solution
though, and the absence of higher-resolution reference images
further complicates performance assessment. Moreover, scaling
factors in the satellite domain are often much larger than
those in typical applications, and the combined spatial and
spectral characteristics of satellite data can strongly influence
model outcomes, rendering standard methods generally
ineffective (Sdraka et al., 2022).

Dataset creation presents another critical challenge. Most
training datasets are generated via simple downscaling
of existing images, which does not capture the complex
degradation processes inherent to satellite sensors. Models
trained on such datasets may only reverse this artificial
degradation, limiting their applicability to real-world scenarios.
Addressing these issues requires models capable of handling
diverse distortions, particularly for sensors with complex
acquisition processes (Sdraka et al., 2022; Wang et al.,
2021b). Although alternative training strategies have been
investigated, they generally do not achieve the same level of

accuracy and reliability as established approaches (Wang et al.,



CHAPTER 1. INTRODUCTION

2021D).

These challenges are further amplified in air quality
monitoring, where imaging spans a very broad spectral range.
Unlike natural images, these datasets comprise hundreds
of spectral bands, each affected by band-specific noise,
complicating feature extraction and reconstruction (Chen
et al., 2023a). Enhancing such images requires maintaining
spectral  fidelity =~ while improving spatial resolution,
imposing substantial computational and methodological
demands (Fernandez-Beltran et al., 2017).

1.3 Objectives and original

contributions

Taken together, these considerations highlight the need for
carefully designed approaches that enhance satellite data while
preserving both spatial and spectral accuracy. Overcoming
these limitations is essential for making higher-resolution
satellite observations practically useful for environmental
monitoring, policy-making, and public health studies, and
directly motivates the objectives and the original contributions

developed in this work.

This research aims to overcome the intrinsic limitations of
SHP’s observations for air quality monitoring by enhancing
their spatial resolution while preserving spectral fidelity, taking
advantage of its global coverage and comprehensive spectral
range. This work represents the first application of these

approaches to S5P data.

Also, it is the first to operate directly on Level-1b radiance
measurements, rather than on Level-2 products representing

near-surface pollutant densities. Focusing on Level-1b data

7
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allows the study to generalise across various pollutants and to
minimise the degradation introduced by the retrieval of Level-2

maps (European Space Agency, 2022).

As mentioned, real-world images are captured through
complex, sensor-specific processes, and algorithms trained
on artificially degraded datasets often fail when applied to
actual satellite data (Wang et al., 2021b). To overcome
this gap, our framework emphasises model-based techniques
that incorporate the physics of the sensor’s image acquisition,

contrasting with much of the existing literature.

The high spectral dimensionality of S5P’s data introduces
additional challenges, including computational complexity and
redundancy across hundreds of correlated bands. Traditional
dimensionality reduction methods can either suppress
low-probability features or compromise computational
efficiency (Thenkabail and Lyon, 2016; Wang and Wang,
2014; Keshava and Mustard, 2002). Similarly, conventional
band-wise similarity fine-tuning approaches often rely on a
fixed number of iterations, ignoring the specific characteristics
of the data (Guarino et al., 2024). To address this, we propose
a fine-tuning strategy that dynamically adjusts the number
of iterations according to the correlation among neighbouring
channels, achieving a better trade-off between computational

efficiency, spatial reconstruction quality, and spectral fidelity.

In addition, we develop a dedicated preprocessing pipeline
for SHP radiance data, generating a dataset specifically
tailored for learning-based SR. This component, motivated by
the complexity and volume of hyperspectral measurements,
addresses an aspect largely overlooked in previous studies and

constitutes a valuable resource for subsequent research.

A preliminary generalization evaluation is included to verify

the network’s performance with synthetically generated
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high-resolution references. A comprehensive evaluation is
then performed both on reduced- and full-scale images,
quantifying improvements in spatial and spectral accuracy
and comparing the proposed framework with state-of-the-art
methods and baselines. Special attention is given also to
scenarios lacking reference data, highlighting the intrinsic
challenges of applying these methods directly to operational
satellite observations. The framework is further validated
through a real-world case study, demonstrating its ability to
enhance local air quality assessment and improve the prediction
of health-relevant parameters, thereby supporting actionable

insights for environmental monitoring and policy-making.

This research makes several original contributions to the
field. First, it develops a deep-learning-based SR framework,
specifically tailored for enhancing S5P’s Level-1b data,
addressing both spatial and spectral challenges. Second,
it introduces an optimised tool capable of efficiently
reconstructing high-resolution imagery while maintaining
fidelity across multiple spectral channels, substantially
reducing computational cost compared to processing each
channel separately. Third, it implements a dedicated
preprocessing pipeline for S5P radiance data, producing a
novel dataset that supports learning-based SR and represents
a resource for the community. Fourth, it employs a
systematic evaluation protocol that accounts for the real-world
characteristics of the sensor, including a complex degradation
pattern, thus providing a more realistic assessment of
performance than conventional benchmarks. Finally, it offers
practical insights into the applicability and limitations of SR
techniques for operational air quality monitoring, identifying
scenarios where these methods yield significant benefits and

outlining open challenges for future research.
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1.4 Structure of the thesis

This thesis builds upon the findings of previous research
and is structured to provide a coherent and progressive path
from problem identification to methodological development,
experimental evaluation, and practical application.  The
work advances both theoretical understanding and practical
implementation of SR techniques for S5P data, tackling the
unique challenges posed by satellite imagery, including high
spectral dimensionality, sensor-specific degradation, and the
need to preserve spectral fidelity while enhancing spatial

resolution.
The thesis is organised as follows.

Chapter 2 introduces the scientific context, describing air
pollution and monitoring limitations, satellite’s characteristics
and data and reviewing the literature in SR for remote
sensing.  This chapter highlights the main challenges in
applying SR to satellite observations, such as the absence of
reference images, the limitations of conventional dimensionality
reduction approaches, and the computational demands of
processing hundreds of spectral bands. It also identifies
the gaps that this research aims to address, providing
the foundation for the methodological choices made in the

subsequent chapter.

Chapter 3 details the development of the proposed SR
framework, focusing on model design, optimization strategies,
and techniques for handling multi-channel data efficiently.
Special attention is given to incorporating the physics of
the S5P sensor into the framework, enabling more realistic
reconstruction of images with higher spatial resolution and
mitigating the effects of sensor-specific distortions.  The

chapter also discusses strategies for balancing computational
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efficiency with reconstruction accuracy and the preservation
of spectral fidelity, including a novel, parallelisable fine-tuning
approach that dynamically adapts to the correlation structure

across spectral channels.

Chapter 4 presents the experimental evaluation of the
proposed framework. A comprehensive assessment protocol
is employed, combining reduced-scale datasets with full-scale
satellite observations to quantify improvements in both spatial
and spectral accuracy. Comparisons with state-of-the-art
methods and baseline models are provided to contextualise
the performance of the proposed framework. The chapter
also includes a real-world case study on urban air quality
monitoring, demonstrating the practical applicability of the
approach and its potential to support actionable insights for

environmental monitoring and public health.
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Chapter 2

Background and related

work

In this chapter, we provide a comprehensive overview of
the theoretical principles and prior work underpinning this
thesis.  First, in Section 2.1, the discussion begins with
an exhaustive summary of air pollution, exploring both its
impacts (Section 2.1.1) and the limitations of its monitoring
(Section 2.1.2). In this context, the role of satellite data is
highlighted as a critical tool, providing unique opportunities
to quantify pollutant concentrations, although their effective
use requires careful consideration. In Section 2.2, we
discuss the fundamental aspects of satellite technology and
sensor optics, introducing key concepts such as radiance
measurement and instrument response (Section 2.2.1), as well
as image acquisition and sensor resolution (Section 2.2.2). In
Section 2.2.3, we focus on the S5P satellite platform, detailing
its payload, and the associated image acquisition process.
Building on this, the third part of the chapter (Section 2.3)
reviews super-resolution techniques in remote sensing. We
first formalise the problem (Section 2.3.1) and review the

main state-of-the-art approaches, spanning interpolation-based
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(Section 2.3.1.1), reconstruction-based (Section 2.3.1.2), and
learning-based methodologies (Section 2.3.1.3), with particular
emphasis on deep-learning-based techniques. We also discuss
the specific challenges and limitations encountered when
dealing with remotely sensed data, including sensor-specific
degradation, image quality assessment, and dimensionality
management for many spectral bands. This chapter thus
provides the theoretical and literature background necessary
to contextualise the methodologies and experimental analyses

presented in the subsequent chapters.

2.1 Air pollution

The Clean Air Act (CAA) identifies six so-called criteria air
pollutants for which the air quality standards are established:
carbon monoxide (CO), sulfur dioxide (SO,), particulate
matter (PM)!, classified in PMys and PMig, according to
the aerodynamic diameter of its particles in um, lead (Pb),
ozone (Oj), and nitrogen oxides (NOy), like nitrogen dioxide
(NO3) (United States Congress, 1970).

Exposure to air pollution has increased particularly in
low- and middle-income countries?, and is closely linked to
ambient pollutant concentrations (World Health Organization,
2021).  People are exposed to air pollution in all the
microenvironments in which they spend time, where a
microenvironment refers to a three-dimensional space in which

the pollutant concentration is assumed to be uniform at a

IPM, also called particle pollution, is a mixture of solid particles and
tiny liquid drops floating in the air. Examples include dust, dirt, soot,

and smoke (US Environmental Protection Agency, 2016).
2The grouping of countries in low, lower-middle, upper-middle, and

high, based on their gross national income per capita, is decided by the
World Bank (World Bank, 2021).
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given time. Exposure can be conceptualised as the product of
the pollutant concentration within a given microenvironment
and the duration of contact with that pollutant. In some
cases, concentrations may be relatively low, yet the overall
contribution to exposure is substantial due to prolonged time
spent in that environment. Conversely, in hotspots where
pollutant concentrations are very high, even short periods
of exposure can result in significant risks (World Health
Organization, 2021).

Air pollution originates from both natural and anthropogenic
sources, with the latter dominating in the era of
industrialization. =~ Combustion is the primary contributor:
some pollutants are directly emitted, such as elemental
carbon (the main constituent of PM), while others — nitrates,
sulphates, organic carbon — form through secondary processes
from gaseous precursors emitted by combustion, agriculture,
or natural activity (World Health Organization, 2021). The
major outdoor sources of combustion include transportation,
industry, power generation, and biomass or waste burning.
Other important contributors are the resuspension of dust,
construction activity, and the long-range transport of
pollutants from distant regions (World Health Organization,
2021).

At the global level, elevated pollutant concentrations are
observed in regions with dense anthropogenic activity, such
as South-East Asia, the Middle East, North America, and
parts of Europe, as well as in arid areas, like North-Western
Africa or the Gobi Desert, where dust plays a major
role. In contrast, population-weighted exposure has decreased

significantly in many countries, including North America and
Western Europe (World Health Organization, 2021).

Different pollutants exhibit distinct spatial patterns. Nitrogen
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dioxide (NOg) levels are particularly high in Eastern Asia, the
Middle East, North America and much of Europe (Larkin et al.,
2017; Achakulwisut et al., 2019). Ozone (O3) concentrations
are generally lower than those of primary pollutants, with
peaks reported in African megacities and the Middle East.
Fine PM (PMy5) shows the widest global exceedance: in
2019, over 90% of the world’s population was exposed to
concentrations above the 2005 WHO guidelines (World Health
Organization, 2021). The highest values occur in South-East
Asia, the Eastern Mediterranean, and parts of Western Africa,
especially due to the impact of Saharian dust, while the
Americas and most of Europe report comparatively lower
concentrations. Trends in PM, 5 indicate a stable global
mean population-weighted concentration, reflecting decreases
in exposure in some countries and corresponding increases in
others (World Health Organization, 2021).

Temporal variability is also marked. Seasonal and diurnal
cycles as well as weekends versus weekdays patterns affect
most pollutants, but meteorological drivers — such as wind,
boundary layer height (i.e.  the lowest altitude of the
atmosphere directly affected by the Earth’s surface), and
precipitation — play a dominant role in shaping both local
and regional distributions (World Health Organization, 2021).

2.1.1 Implications of air pollution

Air pollution contributes to millions of deaths annually and
causes substantial loss of healthy life years (Burnett et al., 2018;
Lelieveld et al., 2019; GBD 2019 Risk Factors Collaborators,
2020; Vohra et al., 2021). In 2019, mortality attributable to air
pollution was estimated at 8.8 million per year globally, nearly

double previous estimates (Lelieveld et al., 2019).
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In particular, PM, nitrogen dioxide (NO3), and ozone (Oj3) are
linked to mortality and non-communicable diseases?, like lower
respiratory infections, chronic obstructive pulmonary disease,
ischaemic heart disease, lung cancer, and stroke (Cohen et al.,
2017; Dominutti et al., 2023).

Emerging evidence links exposure to air pollution also to
other types of diseases, such as type II diabetes, neonatal
mortality, and neurological disorders, such as Alzheimer’s
disease (GBD 2019 Risk Factors Collaborators, 2020; Peters
et al., 2019). Nitrogen dioxide (NO) alone accounts for a
significant fraction of paediatric asthma, even in high-income
countries (Achakulwisut et al., 2019).

Short-term exposure to PM triggers acute respiratory
symptoms — such as cough, shortness of breath, and
asthma — whereas long-term exposure increases the risk of
chronic respiratory and cardiovascular diseases and reduces
life expectancy (Lelieveld et al., 2019; Chen and Hoek, 2020).
Additionally, PM can cause an imbalance in the antioxidant
defence system, known as oxidative stress (Shankar and
Mehendale, 2014), triggering inflammatory responses that
may lead to tissue damage and cell death (Dominutti et al.,
2023; Sies, 2018). To better capture these effects, novel
health indicators have been proposed, such as the oxidative
potential (OP) of PM, which reflects its capacity to induce
oxidative stress in the lungs, the primary route of entry for
its constituents. Several studies have shown that OP can, in
some cases, be more predictive of adverse health outcomes than
PM mass concentration alone (Bates et al., 2015; Yang et al.,
2016; Abrams et al., 2017). Some studies have assessed the

3Non-communicable diseases, also known as chronic conditions,
comprise all disorders related to environmental, behavioural, genetic, and
physiological factors (World Health Organization, 2021).
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correlation between PM and reduced foetal growth because of
the oxidative stress it induces (Rashid et al., 2018). Similarly,
some other researches have found that exposure to PM during
pregnancy can damage the child’s respiratory and immune

systems and brain development (Johnson et al., 2021).

In general, the disease burden attributable to air pollution is
comparable to that of other major global health risks, such
as unhealthy diets and tobacco smoking, ranking among the
top five out of 87 risk factors in the Global Burden of Disease
assessment (GBD 2019 Risk Factors Collaborators, 2020).

The health-related economic consequences of air pollution
are equally severe. Economic burdens arise from healthcare
costs, damage to buildings, crops and infrastructures, climate
change and environmental degradation, and losses in labour
productivity (World Health Organization, 2021). In 2013, the
World Bank estimated that global exposure to air pollution
results in economic losses amounting to trillions of dollars
annually. In the United States alone, PMy5 exposure was
estimated to cause, in 2013, about 143 billion dollars in lost
labour and 3.55 trillion dollars in welfare losses (World Bank,
2016).

The health burden of air pollution is highly variable across
different people. Vulnerable groups, including children, the
elderly, pregnant people, and individuals with pre-existing
chronic conditions — such as asthma, chronic obstructive
pulmonary disease, diabetes, heart failure, and ischaemic heart
disease — experience disproportionately higher risks (World
Health Organization, 2021).

Similarly, air pollution’s impacts are also shaped by social
inequalities. Populations with higher exposure often overlap
with socio-economically disadvantaged groups, and, while

high-income countries have generally reduced air pollution
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since the 1990s, concentrations have increased in low- and
middle-income countries, partly due to the production of
goods for export to wealthier nations (Zhang et al., 2017).
Consequently, air pollution not only directly harms human
health but also hinders efforts to reduce social inequalities
and to ensure healthy and safe environments, as advocated
in Articles 1-3 of the Universal Declaration of Human
Rights (United Nations, 1948).

2.1.2 The Ilimitations of air pollution

monitoring

Two major gaps remain in current air quality monitoring.

The first concerns the insufficient monitoring of air quality
in many regions worldwide, particularly in low- and
middle-income countries, where pollutant concentrations tend
to be highest. Even in countries with extensive monitoring
networks, rural areas often remain poorly covered. While
monitoring of PM has been gradually expanding, coverage for
other key pollutants — such as ozone (Oj3), nitrogen dioxide
(NO3), and sulfur dioxide (SO3) — remains limited. This lack
of comprehensive monitoring hinders the accurate assessment
of population exposure and the identification of pollution
hotspots (World Health Organization, 2021).

The second gap concerns the fine-scale spatial variability
of certain gaseous pollutants within urban environments,
which remains inadequately characterised.  For example,
concentrations of nitrogen dioxide (NO,), black carbon — a
major component of PM — and ultra-fine particles (UFP) (PM
with aerodynamic diameter less than or equal to 0.1 pm) can
vary by up to an order of magnitude over distances of only a

few hundred metres (Karner et al., 2010). Such local variability

18



CHAPTER 2. BACKGROUND AND RELATED WORK

poses a significant challenge for exposure assessment (World
Health Organization, 2021).

Since 2010, the integration of satellite retrievals with
chemical transport models, which simulate the atmospheric
transport and chemical transformation of pollutants, land-use
information, and ground-based measurements has dramatically
improved the ability to estimate pollutant concentrations on
a global scale. These combined approaches have proven
particularly effective in addressing the first gap — limited
monitoring coverage — by providing consistent estimates
in regions where ground-based measurements are sparse or
unavailable (Shaddick et al., 2018; Chang et al., 2019).

To tackle the second gap, related to fine-scale spatial variability
within urban areas, satellite data have increasingly been
combined with land-use regression models, i.e., statistical
models that relate ground-based pollutant measurements to
spatial predictors. This integration allows for the capture
of local pollution patterns by leveraging both high-resolution
spatial predictors and remotely sensed observations, enabling
a more detailed assessment of population exposure in complex
urban environments. Yet, important challenges still remain in
fully addressing this gap. While the integration of satellite
observations with land-use regression models has markedly
improved spatial resolution, major limitations persist due to
data heterogeneity, the non-linear nature of the underlying
relationships, and the limited availability of ground-based

observations required to calibrate these models (Larkin et al.,

2017).
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2.2 Principles of satellite technology

and optics

Remote sensing is the process of measuring features on
the Earth’s surface from a distance. Since direct contact
with the object of interest is not possible, measurements
rely on propagated signals, such as optical signals. While
point-based measurements can be derived from remote sensing
data, two-dimensional measurements — images — are of
greater relevance. Indeed, the conventional, or more
accurately, image-centred, approach to remote sensing places
emphasis on the spatial relationships between ground
features (Schowengerdt, 2007).

Satellites are remote sensors that orbit the Earth and are
commonly classified as either passive or active.  Active
satellites, such as those using radar technology, transmit a
signal and measure its return, whereas passive satellites detect
electromagnetic radiation originating from the Sun and/or
emitted or reflected by the Earth’s surface and transmitted
through the atmosphere (Schowengerdt, 2007).

2.2.1 Measurement chain and sensor

responses

Although image sensors continue to improve, no device
can capture a continuous physical signal with infinite
precision. The combination of scanning in both the cross-track
(orthogonal to the satellite motion) and in-track (along the
satellite motion) directions yields a grid of discrete samples on
the instrument’s focal plane. The spectral radiance measured
by passive satellites is converted by the sensor into an image

of its spatial distribution. During this process, the signal
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undergoes various modifications in its geometric, spatial, and
radiometric properties, with each stage of the chain inevitably
introducing distortions or losses. The overall workflow is
illustrated in the block diagram in Figure 2.1. In particular, the
continuous at-sensor radiance is first mapped onto the optical
detectors (scanning; in blue), then converted into an analogue
electronic signal (detection; in green), subsequently amplified
and conditioned (electronic processing; in magenta), and finally
digitised into discrete digital numbers representing the image

pixels (A/D conversion; in yellow).

*

Figure 2.1: Block diagram representing the processing pipeline the

A/D conversion

radiance signal undergoes to become an image in a passive satellite.

Each pixel in the resulting image thus corresponds to a
digital sample of the continuous radiance stream, whether in
space (z, y), wavelength (\), or time (¢). The integrated
signal is then stored as an integer value with a specified bit
depth (g), providing the digital representation of the measured
radiance (Schowengerdt, 2007).

The instrument must average over a non-zero integration time
if the signal changes in time, a non-zero spectral bandwidth if
the signal varies in wavelength, and a non-zero spatial distance
if the signal varies in space. In other words, the output of most

satellite instruments can be expressed as
o(z) =i(z) xr(z), (2.1)

where i(z) is the input signal, r(2) is the instrument response,
and * denotes the convolution operation. The response refers
to spatial, spectral, temporal, or radiometric integration, with

z indicating the corresponding domain (Schowengerdt, 2007).
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A key aspect in image processing is the instrument’s spatial
response. Fine details in the image are blurred compared
to larger features, and this blurring is represented by the
total sensor point spread function (PSF). The total PSF
is the convolution of multiple components corresponding
to different stages of the signal degradation (Figure 2.1):
the optical, the detector’s, the image motion’s, and the
electronic PSFs. Applying the Fourier transform to the total
PSF and taking its amplitude component, the modulation
transfer function (MTF) of the instrument can be obtained,
which describes how the instrument transfers contrast at
different spatial frequencies from the scene to the image,
and therefore quantifies its ability to resolve fine spatial
details (Schowengerdt, 2007).

2.2.2 Pixel properties of satellite images and

the concept of resolution

The scanning of the instrument depends on the technology
employed by the satellite: a line scanner uses a single detector
to scan the entire scene; a whiskbroom scanner employs several
detectors aligned in-track to achieve parallel scanning during
each cycle; and a pushbroom scanner uses a linear array of
detectors aligned cross-track that scan during platform motion.
In any case, the angular cross-track coverage is called field
of view (FOV), and the corresponding length on the ground
is usually referred to as the swath. The spacing between
pixels on the ground is called ground-projected sample interval
(GSI), and its value, both in-track and cross-track, depends
on the sampling rates and platform motion. The width of
a pixel on the ground, known as ground sample distance

(GSD), depends primarily on the sensor geometry and satellite
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altitude. Due to the Earth’s curvature, the effective GSD may
vary across the swath, especially towards the edges. Satellites
are usually designed so that GSI and GSD coincide to avoid
overlapping pixels, but some degree of cross-track overlap
is often introduced to improve data quality (Schowengerdt,
2007). Figure 2.2 schematically compares the three scanning
technologies and illustrates how cross-track direction, in-track
direction, swath, FOV, GSD, and GSI are defined in relation

to the sensor geometry.

(a) (b) ()

Figure 2.2: Illustration of the three main scanning technologies employed
in passive satellite instruments — (a) line scanner, (b) whiskbroom
scanner, and (c) pushbroom scanner — together with the representations
of cross-track and in-track directions, swath, FOV, GSD, and GSI.

In summary, an image pixel in satellite data depends primarily
on GSI, GSD, and the radiometric quantization level (g).
Its spectral characteristics are determined by the specific
wavelength ranges and bandwidths defined by the sensor, while
its temporal characteristics are governed by the satellite’s
revisit time, that is, the interval required to pass over the same

geographical location (Schowengerdt, 2007).

For these reasons, satellite imagery is characterised by its
spatial, spectral, temporal, and radiometric resolutions. The
smaller the area covered by a single pixel, the better the
nominal spatial resolution of the sensor.  Similarly, the
narrower the frequency bands of the electromagnetic spectrum

detected, the higher the nominal spectral resolution. The
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shorter the revisit time of the satellite over the same
location, the better its temporal resolution. The more bits
used to represent a single pixel, the higher the radiometric

resolution (Schowengerdt, 2007).

Even though image sensors are constantly upgraded, physical
and engineering constraints remain (Fernandez-Beltran et al.,
2017). In particular, enhancing one resolution often comes
at the expense of another. For example, increasing spectral
resolution by narrowing the bands or adding more channels
requires longer integration times or more light to achieve a
sufficient signal-to-noise ratio (SNR), since the incoming signal
is divided among a larger number of bands. Such compensation
is commonly achieved by enlarging the sampling area, which in
turn degrades the spatial resolution. This trade-off is especially
critical in hyperspectral imaging systems, namely, systems
that can encompass hundreds or even thousands of spectral
bands (Schowengerdt, 2007).

2.2.3 Overview of the Sentinel-5P satellite

Launched in 2017 within the Copernicus Programme?,
Sentinel-5 Precursor (S5HP) is a single-satellite mission that
measures most criteria air pollutants, namely, nitrogen
dioxide (NO,), ozone (Ojz), sulfur dioxide (SOs), carbon
monoxide (CO), formaldehyde (HCHO), methane (CHy), and
aerosol, i.e., tiny solid or liquid particles suspended in the

atmosphere (European Space Agency, 2022).

S5P is orbiting in a near-polar sun-synchronous orbit® at

4Copernicus is a collaborative programme of the European Union
and the ESA, designed to ensure FEurope’s capacity for Earth

observation (European Space Agency, 2022).
5A near-polar sun-synchronous orbit is an orbit that passes near the

Earth’s poles and crosses the same part of the Earth at approximately
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an altitude of 824 km, completing an orbital cycle of

approximately 16 days (European Space Agency, 2022).

Day-night
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1
End :
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Figure 2.3: Graphical representation of the S5P orbit, defined from
spacecraft midnight to spacecraft midnight. The diagram highlights the
measurements’ scheme along the orbit.

An S5P orbit, schematically illustrated in Figure 2.3, is defined
from spacecraft midnight to spacecraft midnight. Since the
orbits are defined without seasonal dependencies and certain
measurements must be conducted in full eclipse conditions, the
orbit measurements are performed as follows: Earth radiance
measurements (in magenta) are acquired on the day side of
the orbit, while near the day-night terminator, when the Sun
is visible in the instrument’s solar port (i.e., once per day, or
after 15 orbits), a solar irradiance measurement (in yellow)
is performed. Conversely, the night side of the orbit is used
for calibration (in green) and background measurements (in

pink) (European Space Agency, 2022).

2.2.3.1 TROPOspheric Monitoring Instrument

The TROPOspheric Monitoring Instrument (TROPOMI) is
the sole payload of S5P and it operates in a pushbroom

the same local solar time (European Space Agency, 2022).
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configuration, as represented in (c) in Figure 2.2. Its FOV
spans 108° in the cross-track direction, corresponding to a
swath of approximately 2600 km on the Earth’s surface, and
48° in the along-track direction. The minimum GSD is
3.5 x 5.5 km? (European Space Agency, 2013).

The sources of light collected by the TROPOMI telescope
include the Earth, the Sun, and three on-board calibration
sources: a spectral line source, a white light source, and a
common LED. These are fed through a calibration unit. Its
telescope is a reflective two-mirror design that projects the
target scene onto a rectangular slit serving as the entrance
of the spectrometer system. The instrument comprises four
spectrometers covering nearly 4000 overlapping spectral bands:
(i) the ultraviolet (UV) spectrometer (0.270-0.320 pm), (ii) the
ultraviolet and visible (UVIS) spectrometer (0.320-0.490 pm),
(iii) the near-infrared (NIR) spectrometer (0.710-0.775 pm),
and (iv) the short-wave infrared (SWIR) spectrometer
(2.305-2.385 pm) (European Space Agency, 2013).

Each spectrometer is equipped with its own detector
electronics module (DEM) (European Space Agency, 2013),
a two-dimensional frame-transfer sensor with a split read-out
register. The spectral and spatial dimensions of the
spectrometer’s output are mapped onto the columns and rows
of the corresponding DEM, respectively. For a pre-defined
number of steps, once a line enters the read-out register,
its charge is added to the accumulated charge for a fixed
number of repetitions. This irreversible process is referred
to as row-binning. When the accumulated charge is finally
shifted, it is read out pixel by pixel (column by column)
through the DEM’s output node. Each DEM has two output
nodes, splitting the sensor into two halves known as bands

(BDs), numbered from 1 to 8 (two per spectrometer). A fixed
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number of consecutive DEM images are then co-added during
a pre-defined co-addition period, further reducing the data
volume to be transmitted to the ground. As with row-binning,

this process is also irreversible (European Space Agency, 2013).

After read-out, the signal from each DEM’s band passes
through a video amplifier with a fixed gain and is then
processed by a semiconductor integrated circuit (European
Space Agency, 2013).

TROPOMI’s Point Spread Function (PSF) and
Pixel Response Funtion (PRF): To grasp the origin
of TROPOMI’s detected signal, it is essential to define the

different functional areas of the instrument’s observing system:

e The area that the optical system projects onto the
DEM focal plane is known as the object space. It is
described using spherical coordinates (¢, €, \), where ¢ is
the azimuth angle (observation angle in the cross-track
direction), € is the elevation angle (observation angle in

the along-track direction), and A is the wavelength.

e The DEM focal plane, referred to as the DEM space,
is described by the row and column indices [r, c|, where
rows correspond to the spatial dimension and columns to

the spectral dimension.

e The optical system’s focal plane is called image space.
Geometric coordinates [X, Y], with X in the direction
of wavelength dispersion and Y perpendicular to X, are
used to characterise this space (European Space Agency,
2013).

All three spaces are represented in Figure 2.4.

The projection of object space onto image space is referred to

as spreading: a single point in object space is dispersed over
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Figure 2.4: Schematic representation of the three reference spaces of
TROPOMI: the object space, described in spherical coordinates (¢, €, \);
the DEM space, defined by row and column indices [r,c]; and the
image space, characterised by geometric coordinates [X,Y]. The three

illustrations are taken from European Space Agency (2013).

multiple locations in image space due to physical constraints.
Conversely, the projection of image space onto object space
is referred to as response: a single point in image space
results from contributions from several points in object
space (European Space Agency, 2013).

TROPOMTI’s pixel response function (PRF), W, ¢[r, c|(¢, €, ),
is the function W(-) describing the relative response of a single
DEM pixel [r,¢| as a function of the object space dimensions
(¢,€,\) (European Space Agency, 2013).

The instrument transfer function provides a mathematical
description of the mapping between unequal dimensions. As
discussed in Section 2.2.1, in optical imaging systems, it
is the Fourier transform of the PSF, which characterises
the projection of object space (¢,€,A) onto image space
[X,Y], which may differ from the DEM space [r,c|. The
magnitude component of this complex function corresponds to
the MTF (European Space Agency, 2013).

The image space does not necessarily coincide with the DEM

space. Several processes thus influence the responses of image
pixels for TROPOMI:
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e Satellite motion: assuming a spherical Earth and
constant satellite speed, this elongates the spatial

response along-track (European Space Agency, 2013).

e Row-binning: the programmable summation of
measurements in the cross-track direction. A single
row in image space corresponds to the sum of multiple
rows in DEM space. The ground sample interval in
the cross-track direction is 1.75 km, but row-binning
typically reduces the resolution, with a lower limit of
3.5 km for a binning factor of two (European Space
Agency, 2013).

e Co-addition: the programmable summation of
measurements along-track over a predefined co-addition
period. Initially, light from the entire swath was co-added
over approximately 1080 ms, during which the satellite
travelled about 7.1 km along-track. The co-addition
period was later set to 840 ms, resulting in a minimum
along-track ground pixel size of 5.5 km (European Space
Agency, 2013).

Satellite motion Row-binning Co-addition

s"‘@‘} % ‘@c‘& h‘. \'@C{\
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"8-track Alo"g*track ONg-track

Figure 2.5: Illustration of how the spatial response in TROPOMI

is affected by satellite motion (along-track smearing), row-binning

(cross-track summation), and co-addition (along-track summation). The
three illustrations are taken from European Space Agency (2013).

Therefore, to fully describe the PSF for TROPOMI, the PRF's

of all individual DEM pixels [r, ¢] contributing to each image
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pixel [X,Y] must be combined, incorporating all processes
between DEM space and image space. This formalization
defines the spatial response of a single image pixel during
a co-addition period (European Space Agency, 2013). The
combined effect of these three processes on the spatial response
of TROPOMI is illustrated in Figure 2.5.

TROPOMI’s Level-1b radiance images: The Level-1b
radiance products of S5P’s TROPOMI instrument have been
freely available from 2019 onward through the Copernicus Data
Space. These products are provided for each orbit and BD of
each DEM in the netCDF-4 format® (European Space Agency,
2022).

A single digital number is generated from the radiance entering
TROPOMI. The forward model, which combines physical
principles with the instrument model, describes the generation
of raw Level-0 data from the incoming signal. These Level-0

data are not publicly available.

The Level-0 to Level-1b (L0O1b) processor implements the
reverse model, consisting of a series of sequential algorithms
that convert the measured signal leaving the instrument back
into the radiance entering it. This reverse model represents an
attempt to invert the forward signal path entirely. However,
some steps cannot be fully inverted due to information losses

inherent in the forward model (European Space Agency, 2013).

Two examples of processes and instrument-specific effects that
cannot be directly corrected by inverting the forward model
are co-addition and row binning. In co-addition, several

measurements are combined into a single value, while in row

SnetCDF-4 (network common data form-version 4) is a widely used
data format designed for the storage and sharing of large scientific
datasets, particularly those organised in multiple dimensions (Rew and
Davis, 1990).
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binning, signals from adjacent DEM’s rows are averaged. In
both cases, the reconstruction assumes the average of the
original image.

The Earth’s spectral radiances, geolocated and radiometrically
corrected, are provided as functions of four dimensions:
measurement start time, cross-track index, along-track index,
and spectral index. Each radiance value is accompanied by
estimated latitudes and longitudes and metadata describing
the instrument configuration during the orbit. Each unique set
of programmable instrument settings — such as the number
of measurements co-added and the row-binning factor — is
identified by a configuration ID and version. This allows
the instrument to operate in a wide variety of modes and

configurations (European Space Agency, 2022).

The output of each ground pixel includes a quality indicator
reflecting the status and reliability of the retrieval. The quality
assurance value is a continuous variable ranging from 0 (error,
resulting in no output) to 1 (no errors or warnings). It indicates
whether the swath is cloud-covered or whether snow or ice is
present on the surface. It is set to 0 if an error occurs at any
point during processing (European Space Agency, 2022).
Each orbit spans the eight BDs (BD 1 to BD 8), each covering
approximately 500 spectral channels and corresponding to half
of a DEM — either UV, UVIS, NIR, or SWIR. In total, an
orbit consists of 3,942 spectral channels, making TROPOMI’s
radiance images hyperspectral, with each pixel covering a
minimum ground area of 3.5 x 5.5 km? (European Space
Agency, 2022).

This limitation is directly linked to the second gap in
air pollution monitoring discussed in Section 2.1.2, namely
the difficulty satellites face in capturing fine-scale spatial

variability in limited areas such as cities. As detailed in
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Section 2.2.2, the nominal spatial resolution of hyperspectral
sensors is constrained by physical limits (Schowengerdt, 2007).
Although S5P represents one of the best compromises, this
constraint highlights the importance of dedicated image

processing techniques to enhance its effective spatial resolution.

2.3 Super-resolution techniques in

remote sensing

Super-resolution (SR) refers to a class of algorithms designed
to enhance the spatial resolution of images, generating
higher-resolution outputs from lower-resolution inputs. In
remote sensing, SR techniques are widely used to improve the
spatial detail of satellite imagery (Fernandez-Beltran et al.,
2017). Depending on the number of input images, SR methods
can be classified into various categories. Three subfamilies

exist:

e Single-image super-resolution (SISR) aims to extract a
high-resolution (HR) version of a single low-resolution

(LR) input image.

e Multi-image super-resolution (MISR) aims to synthesise
a single HR image by taking different LR images of the

same scene from various viewpoints and angles as input.

e Reference super-resolution (RefSR) combines auxiliary
(reference) LR information with the model’s
input to offer additional details that aid in the
process (Fernandez-Beltran et al., 2017).

Since the literature on each of the above categories is extensive,

we will focus solely on SISR in this thesis, as it is the most
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relevant one in our research. Indeed, SISR, in which only
a single input image is used, is the only viable approach
when no external information is available beyond an individual
image captured at a specific location and time. This situation
is common in remote sensing and is certainly the case for
S5P (Fernandez-Beltran et al., 2017). From now on, we denote
vectors by bold lowercase letters (e.g., a), matrices by bold

uppercase letters (e.g., A), and scalars by italic letters (e.g.,

a).

2.3.1 Single-image super-resolution problem

formalization

In mathematical terms, the SISR problem can be described as
the attempt to recover an original high-resolution (HR) image
H ¢ R#>"WxC from the sole knowledge of one low-resolution
(LR) image L € RT>*WxC where H, W, C' are, respectively, the
height, width and number of channels of the image, and r is
the spatial scaling ratio between the LR and HR domains (Hu
et al., 2022b).

The image given by the satellite L can be considered to be the
result of the following process applied to an ideal HR image H:

L =®(H,0,), (2.2)

where ®(-) is the degradation process and 6, are the parameters
in the degradation process (Ye et al., 2023). The SISR task is
to reconstruct a HR image H € R™#X™W*C from the available
LR image L € RT*WXC  This process can be expressed as
follows:

H=3"(L,6,), (2.3)

where ®7!(-) is the function solved backward from the

degradation process, and 6 are the parameters in the function

33



2.3. SUPER-RESOLUTION TECHNIQUES IN REMOTE
SENSING

solved backward (Ye et al., 2023).
Certainly, the most challenging task in SISR is constructing

the inverse problem. Most studies, however, represent
the degradation function ®(-) as a sequence of consecutive
operations that mimic the acquisition process of the sensing
technology (Fernandez-Beltran et al., 2017). In this fashion,
the c-th channel, with ¢ € {1,...,C}, of the available LR
image, L, € RT*Wx1 ig typically modelled as

L. = (H.+K) |, +n, (2.4)

where H, € R™7*"™Wx1 ig the corresponding channel of the HR
image, * K is the blurring operation, i.e., the convolution (x)
with a blurring kernel (K), | is the down-scaling of a factor
r, and n represents the noise (Fernandez-Beltran et al., 2017).
In the specific context of remote sensing, as already explained
in Section 2.2.1, the blurring kernel corresponds to the total
point spread function (PSF) of the sensors (Schowengerdt,
2007). If the performance is not solely limited by diffraction
and noise arises, the PSF can be modelled as a zero-centred
Gaussian function, whose standard deviation depends on the
specific sensors (Fernandez-Beltran et al., 2017). A graphical
representation of the imaging model in Equation 2.4 is given

in Figure 2.6.

The main aim of SISR is obtaining one estimated HR image,
H € Rr"WxC from the available LR image L € REXWxC,
However, as the number of pixels in L is r times lower than the
pixels in H the SISR problem is intrinsically ill-posed, namely,
there exist countless HR images H that can obtain the same
LR image L from a single imaging model (Fernandez-Beltran
et al., 2017).

Over the years, a variety of techniques have been proposed

to solve the SISR problem, and many relevant surveys
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Figure 2.6:  Graphical representation of the imaging model in
Equation 2.4, showing how the c-th channel of the LR image results from
the sensor’s degradation of the corresponding c-th channel of an ideal HR

image.

have been published, for all types of images (Wang et al.,
2021b; Moser et al., 2023, 2024), for generally remotely
sensed images (Fernandez-Beltran et al., 2017; Sdraka et al.,
2022; Wang et al., 2022b) or specifically for hyperspectral
images (Chen et al., 2023a). The research is thus quite active
with about 100,105 papers published in all fields and 9,452 in

remote sensing solely”.

Proposed SISR methods are commonly classified according
to the domain in which they operate (e.g., spatial or
frequency), the theoretical framework used to formulate the
problem, or specific process parameters. An example of the
latter is the distinction between blind and non-blind SISR,
depending on whether the blurring kernel K in Equation 2.4 is
known. However, since many strategies incorporate traits from

multiple categories, it is difficult to assign them unambiguously

"These numbers were obtained in 2025 from ScienceDirect database
by querying it, firstly, through the keyword single-image super-resolution
and, secondly, with the combination of keywords single-image

super-resolution and remote sensing.
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within existing taxonomies. We therefore adopt a flexible
classification based on the functional characteristics of the
methods, with the main categories presented in the following
sections (Sections 2.3.1.1-2.3.1.3) (Fernandez-Beltran et al.,
2017). Figure 2.7 provides a schematic representation of how

these approaches operate.

Interpolation-based Reconstruction-based Learning-based
methods methods methods

L. H,
3 3 e
HE -, 4
.- = — Relations hlpb
' —> ’I\'ammg —) -

Figure 2.7: Schematic representation of the main categories of

SISR approaches — interpolation-based, reconstruction-based and

learning-based — illustrating their operational principles.

2.3.1.1 Interpolation-based methodologies

Initially developed techniques to handle SISR were
interpolation-based approaches. Interpolation of images
strives to expand an LR image on an HR grid and to estimate
missing pixel values using an interpolation function, as
represented in the first block of Figure 2.7. Interpolation is
rarely regarded as a SR approach since it does not extract
high-frequency information (Fernandez-Beltran et al., 2017).
However, the HR image can be effectively determined by
interpolating the expanded version of the LR image by a
factor r (Aiazzi et al., 2013).

Indeed, from a theoretical standpoint (Shannon, 1948), if the
original signal is band-limited and the sampling frequency
exceeds the Nyquist rate, the missing pixels might be correctly
recovered using a sinc function, i.e., an ideal low-pass filter.

This requires infinitely large images and an endlessly long
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interpolation filter, though. Since this is not feasible in
real-world circumstances, various alternate techniques, such as

local interpolators, are commonly used (Aiazzi et al., 2013).

The ideal sinc function can be approximated by piece-wise
local polynomials passing through p 4+ 1 samples, where p is
the degree of the polynomial. Depending on this number,
different interpolators are distinguished; some examples are
the nearest-neighbour (p = 0) approximation, the linear
(p = 1) interpolator, the quadratic (p = 2) kernel, the
cubic (p = 3) approximation (Aiazzi et al., 2013; Keys,
1981; Li and Orchard, 2001), and a quite popular polynomial
kernel with 23 taps (Vivone et al., 2021), which is applied
log, r times through subsequent interpolations of factor 2.
Since nearest-neighbour and quadratic interpolators have even
symmetry, for interpolations with even factors, the interpolated
images have fixed half-pixel shifts. Instead, regardless of the
interpolation factor, all other interpolators are implemented
as odd-length filters. As a consequence, they can produce
images that are considerably closer to the originals (Aiazzi
et al., 2013).

Ideal sinc interpolating functions may also be windowed,
which would involve cutting off their infinite impulse response.
Lanczos interpolator (Duchon, 1979) is an example of
windowing in a certain interval [—a,a] the sinc function.
However, even if this kernel can be extremely useful for
interpolation, the sinc function can easily result in an
oscillating signal that causes Gibbs’ ringing artefacts, i.e.,
sharp jumps, to arise in the resulting signal (Aiazzi et al., 2013).
Despite  their speed and simplicity in  providing
higher-resolution results, interpolation algorithms cannot
extract high-frequency information and they thus provide

solutions with overly smooth textures (Fernandez-Beltran
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et al., 2017).

2.3.1.2 Reconstruction-based methodologies

More efficient methods are reconstruction-based approaches.
These techniques are intended to yield a final super-resolved
image with greater detail while retaining all the visual
characteristics of the LR image. In other words,
reconstruction-based approaches seek to replicate the quality
of the LR domain, followed by an initial interpolation, and
to overcome the blurring and aliasing challenges generated by
interpolation algorithms in the first place (Fernandez-Beltran

et al., 2017), as represented in the second block of Figure 2.7.

This type of process usually consists of three phases:

1. The first step is the up-scaling of the LR image to the
target resolution through a conventional interpolation
method, such as bicubic or Lanczos interpolation
(Section 2.3.1.1).

2. The second stage involves extracting chosen physical

features from the LR image.

3. Finally, in the third phase, both the interpolated image
and the extracted LR features are aggregated to provide

the super-resolved output (Fernandez-Beltran et al.,

2017).

The iterative back projection (Irani and Peleg, 1991) is the
first example of a reconstruction-based method. It depends on
iteratively reducing the reconstruction error between the LR
input image and the LR version of the super-resolved predicted

image (Fernandez-Beltran et al., 2017).

Another notable example is non-blind image

deconvolution (Michaeli and Irani, 2013). The imaging
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model described in Equation 2.4 is frequently reformulated in
terms of a matrix representation, which can be obtained simply
by expressing the involved images as column vectors (Eilers
and Ruckebusch, 2022). Indeed, the acquisition process in

Equation 2.4 can also be referred to as
l. = Sh.. (2.5)

Here, 1. = vec(L.) and h. = vec (H.) denote the vectorised
representations of the c-th channel of the LR image (L.) and
the HR image (H.), respectively. These vectors are obtained
by stacking the columns of the corresponding matrices using
the function vec(-). The matrix S = CP implements both the
blurring (via P) and down-scaling (via C) operations (Eilers
and Ruckebusch, 2022).

The imaging model can be expressed as just showed if and only

if the following hypotheses hold for these matrices:

e The blurring matrix P can be approximated by a
block circulant with circulant block (BCCB) matrix,
i.e., the matrix representation of the cyclic convolution
operator. This hypothesis can be met if and only if the
blurring kernel K in Equation 2.4 is shift-invariant and
period boundary conditions are used for the convolution

operator .

e The matrix C’s conjugate transpose interpolates the
decimated image with zeros over the rows and columns,
respectively (Campisi and Egiazarian, 2007; Zhao et al.,
2016).

As the goal of SISR is inverting the acquisition process, if S is
assumed to be known, and the problem is thus non-blind, given
that Equation 2.5 is a system of linear equations, its solution

existence depends on whether it is possible to find the inverse
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matrix S~! (Eilers and Ruckebusch, 2022). When S is square
the system described has a unique solution corresponding to
the solution of an optimization problem on the available LR
image (Layton and Sussman, 2017). However, as the number
of pixels available in 1. is lower than the number of pixels in
h., S is not square. So, to compensate for the instability of
solutions, it is necessary to include a regularization factor in

the optimization problem (Fernandez-Beltran et al., 2017).

As a result, the SISR goal can be easily achieved as the solution
of:

ﬁc = arg Ir};lin [ﬁ (Sflc, lc> + 7P (flc>] , (2.6)

in which the regularization term ®(-) is weighted by the
parameter 7 and the loss function L(-) is a consistency
term between Sh,., namely, the c-th channel of the degraded
version of the estimated HR image, flc, and the c-th channel
of the available LR image, 1., both in column vector
form (Fernandez-Beltran et al., 2017).

Finally, additional notable reconstruction-based approaches
are gradient profile (Sun et al., 2008), projection onto convex
sets (POCS) (Fan et al., 2017) and maximum a posteriori
(MAP)-based (Schultz and Stevenson, 1996) methods.

Although reconstruction-based approaches produce
significantly better results than interpolation-based techniques,
the a priori they use is usually extremely complex, and these
processes often need an extensive amount of knowledge and
skill (Fernandez-Beltran et al., 2017).

2.3.1.3 Learning-based methodologies

Learning-based approaches are beyond any doubt the biggest
area of study in the field of SISR nowadays. In order to

generate the final super-resolved image, these methods first
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learn from an external training set about potential connections
between LR and HR domains (Freeman et al., 2000).

They generally consist of three steps, similarly to

reconstruction-based approaches.

e The first step (or learning) relies on learning the LR-HR

pair connections from a specific training set.

e The LR input image is utilised in the second step
(estimation) to estimate the HR components that are
linked to it.

e Eventually, the third stage (image generation) integrates
the estimated HR components of the input image to
produce the super-resolved product (Fernandez-Beltran
et al., 2017).

Sparse coding is a popular traditional technique that takes
use of the notion that real-world images often consist of
a linear combination of small and sparse patches. Sparse
coding approaches thus employ the substitution of LR patches
with their corresponding HR counterparts to achieve sparse
representation matching with the LR input image to produce
HR outputs (Yang et al., 2008).

Another example is neighbourhood embedding, which proposes
that small image patches from LR and HR images produce
low-dimensional non-linear manifolds with similar local shape.
This indicates that patches in the HR feature domain may
be rebuilt with the same weights as those in the LR feature
domain, as long as there is enough data (Chang et al., 2004).
Other famous techniques include the ANR method, which
learns high- and low-resolution dictionaries from HR image
blocks (Timofte et al., 2013), and the A+, which is an enhanced
version of ANR (Cremers et al., 2015).
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A subgroup of these methods includes mapping-based
approaches, which see SISR as a regression problem between
HR and LR domains. The primary idea is to learn a mapping
function from input LR images to target HR images using
a predefined training set. The learnt function is then used
to create the final super-resolved output from the LR input
image (Fernandez-Beltran et al., 2017), as represented in the
third block of Figure 2.7. The literature has a range of
strategies for conducting this regression. Bayesian networks,
kernel-based algorithms, and neural networks are examples of
commonly used methods for estimating the projection between
LR and HR images. The basic principles of the process are
the same, even though each of these techniques use different
theoretical tools to achieve their objective. Early research,
such as kernel Ridge regression (Kim and Kwon, 2010), was
dependent on a single basic mapping function, but more
modern approaches (Yang and Yang, 2013; He and Siu, 2011)

use many of them.

The most recent techniques make use of deep neural
networks as mapping functions (Fernandez-Beltran et al.,
2017). Deep-learning (DL) (LeCun et al., 2015), based on
multi-layer neural networks, has become a standard approach
thanks to its ability to learn hierarchical data representations.
Although it requires large and diverse datasets for training,
the abundance and accessibility of Earth observation data
nowadays create an ideal setting for the development of novel
DL-based approaches (Sdraka et al., 2022).

Deep-learning-based approaches: A substantial body of
work exists for the categories described earlier. Nonetheless,
the prevailing trend is to adopt mapping-based strategies,
particularly those founded on DL, which are the main

focus of this literature review. Indeed, methods for SISR
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that leverage DL have repeatedly demonstrated superior
performance over time. This trend also informs the present
study, which builds upon the recent advancements and core
principles of DL-driven SISR in the context of remote sensing.
The effectiveness of such techniques has been reinforced
by international competitions such as NTIRE (new trends
in image restoration and enhancement), PIRM (perceptual
image restoration and manipulation), and AIM (advances
in image manipulation), which have collectively pushed the
development of more accurate, perceptually convincing, and
computationally efficient SISR models (Ye et al., 2023).

In the case of remote sensing imagery, and hyperspectral
datasets, like those provided by S5P, the challenges become
more pronounced due to complex sensor-induced degradations,
the high dimensionality of spectral channels, and the scarcity of
ground-truth (GT) reference data for validating super-resolved
outputs. These aspects are discussed further in Section 2.3.2.
Nevertheless, DL-based SISR approaches offer a compelling
alternative to traditional methods, providing significant

improvements in reconstruction quality (Sdraka et al., 2022).

Despite differences across models, all DL-based SISR
architectures share several essential elements, including
upsampling layers, backbone network designs, learning
strategies, loss functions, and other smaller yet influential
components. Researchers typically combine these elements
in various ways to construct models that satisfy the specific
requirements of SISR, while attempting to optimise the

trade-offs among competing performance factors (Wang et al.,
2021b).

Initial lightweight deep neural networks designed for SISR
include convolutional neural networks (CNNs) (LeCun et al.,
2015) such as SRCNN (Dong et al., 2016a), FSRCNN (Dong
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et al., 2016b), VDSR (Kim et al., 2016a), ESPCN (Shi et al.,
2016), and DSRN (Han et al., 2018); recursive networks like
DRRN (Tai et al., 2017), RFDN (Liu et al., 2020), and
DRCN (Kim et al., 2016b); cascading-based networks such
as CARN (Ahn et al., 2018) and CBPN (Zhu and Zhao,
2019); and multi-scale fusion networks including MSRN (Li
et al., 2018) and MCSN (Li et al., 2020). While these early
architectures achieved reasonable quantitative results, their

perceptual quality often remained limited.

Studies have highlighted that distortion and perceptual
attributes of images interact in a manner that is simultaneously
complementary and competitive. The perception-distortion
trade-off theorem formalises this, indicating that there
exists a region in the perception-distortion space that
cannot be reached. As a result, no SR method can
achieve both minimal distortion and maximal perceptual
quality simultaneously, even if some algorithms approach the
theoretical boundary (Blau and Michaeli, 2018). Interestingly,
generative adversarial network (GAN)-based models, such as
SRGAN (Ledig et al., 2017), ESRGAN (Wang et al., 2019), and
RankSRGAN (Zhang et al., 2022), tend to operate closer to this
limit. However, the use of batch normalization in these early
GAN architectures has been shown to degrade the perceptual

quality of the reconstructed images.

Because remote sensing imagery exhibits properties
quite distinct from natural images, research into SISR
for this domain has evolved somewhat independently,
while concurrently integrating increasingly sophisticated
components.  For example, some studies have proposed
combining high-level semantic information with low-level
detail extraction (Ahn et al., 2018; Tai et al., 2017; Tong

et al., 2017), whereas others have incorporated local and
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non-local attention mechanisms to capture long-range pixel

dependencies.

Attention mechanisms are deployed in multiple ways in
SISR: channel-attention is implemented in models such as
RCAN (Zhang et al., 2018), SeNet (Hu et al., 2018),
SESR (Cheng et al., 2018), and SAN (Dai et al., 2019);
spatial-attention is used in DRLN (Anwar and Barnes, 2022)
and RFANet (Liu et al., 2020); and hybrid attention appears
in CSFM (Hu et al., 2020; Niu et al., 2020) and HAT (Chen
et al., 2023b).

More recent innovations include non-local attention in
RNAN (Zhang et al., 2019), pixel attention as in PAN (Zhao
et al., 2020), and multi-scale attention mechanisms (Lu et al.,
2019; Wang et al., 2020).

Additional approaches exploit diffusion processes (Saharia
et al., 2023), transformer architectures (Chen et al., 2023b),
residual learning (Huang et al., 2021; Zhang et al., 2018; Lim
et al., 2017), or knowledge distillation strategies (Jiang et al.,
2018; He et al., 2020; Hui et al., 2018; Zhang et al., 2021) to

further enhance reconstruction fidelity and efficiency.

2.3.2 Challenges and limitations of
super-resolution for remote sensing

images

SISR in the context of remote sensing presents a number
of inherent limitations and challenges that distinguish it
from conventional computer vision applications, including
the high dimensionality of hyperspectral data, the spectral
redundancy across adjacent bands, and the lack of GT HR
references. These aspects complicate both model development

and training and the reliable assessment of performance.
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SISR for remote sensing often builds on research in classical
SISR, incorporating special enhancements to address the
characteristics of remote sensing imagery (Wang et al., 2023).
However, some published research, especially that concerning

hyperspectral images, is particularly relevant to our work.

SISR is extremely useful for obtaining hyperspectral images
with increased spatial resolution at a reduced cost. After
only a few decades of research, a wide range of reconstruction
approaches have arisen, with the classic methods falling
into three main categories: (1) wavelet transform-based,
(2) maximum a posteriori estimation-based, and (3)
spectral-mixing-analysis-based. These older approaches,
however, suffer from considerable shortcomings, including
their computational complexity and the difficulty of obtaining
reliable solutions (Chen et al., 2023a).

Thanks to the first-ever CNN-based model for
SISR — SRCNN (Dong et al.,, 2016a) — proposed to
solve this task, a series of works, from 3D-FCNN (Mei et al.,
2017) to DPRPE (Wang et al., 2022a), mark the increasing
presence of DL-based SISR methods for hyperspectral imaging
in the current literature (Chen et al., 2023a).

A substantial amount of training data, i.e. HR labelled images,
is required for DIL-based hyperspectral SISR, particularly
when employing supervised approaches. However, acquiring
true HR hyperspectral data is constrained by the technical
and economic limitations of current sensors, as previously
discussed. This lack of HR references strongly affects both the
design and the training of DL-based models. To mitigate these
limitations, some works employ multispectral images as proxies
for hyperspectral data, or adopt non-supervised training
paradigms that do not rely on explicit HR references (Shocher
et al., 2018). This data scarcity also motivates the
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widespread use of synthetic degradation models to generate
training pairs, whose realism and sensor dependence critically
affect model performance (Sdraka et al., 2022). In
addition, the unavailability of reliable HR references also
hinders the objective assessment of reconstruction accuracy.
Conventional full-reference metrics cannot be computed in
the absence of references. As a result, the performance
of hyperspectral SISR algorithms is often evaluated either
on artificially degraded datasets, or by resorting to indirect
quality indicators. Consequently, the lack of HR references
represents a fundamental limitation that impacts the entire
SISR pipeline — from model design and training to
validation (Sdraka et al., 2022).

Additionally, hyperspectral data are made up of hundreds
of spectral bands, which makes feature extraction even
more complex. Moreover, hyperspectral SISR must ensure
spectral fidelity in reconstructed images while also boosting
spatial resolution for improved spectral decoding efforts (Chen
et al., 2023a).  Scholars have therefore been searching
for better approaches for hyperspectral images since the
emergence of DL-based SISR reconstruction techniques in
2016 (Fernandez-Beltran et al., 2017).

2.3.2.1 Lack of high-resolution ground-truth images

Among the various factors limiting the effectiveness of SISR for
remote sensing images, the absence of HR GT data stands out
as one of the most fundamental. In contrast to conventional
computer vision datasets, where HR-LR pairs can be readily
obtained through controlled downsampling, hyperspectral
sensors do not provide multiple spatial resolutions of the same
scene. As a result, it is typically impossible to acquire true HR

counterparts for training or validating DL-based models. This
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limitation permeates all stages of SISR.

Training paradigms: To address this challenge, several
alternative paradigms have emerged, allowing models to be
trained without requiring explicit HR supervision (Hosseiny
et al., 2024).

One common strategy involves the use of proxy datasets,
such as multispectral images that share similar spatial-spectral
characteristics with hyperspectral data. Yet such datasets
are often scarce, and, when available, merging data collected
from heterogeneous sensors can lead to compatibility issues and
reduced reliability (Sdraka et al., 2022).

Another widely adopted approach relies on synthetic
degradation models, whereby HR-LR pairs are artificially
generated by applying a predefined downscaling kernel to
the available images. While such models enable the use
of supervised learning frameworks, their performance often
deteriorates when the real sensor conditions deviate from the
simulated ones (Shocher et al., 2018; Sdraka et al., 2022).
This dependence on the assumed degradation model severely
limits the generalization capability of externally supervised
networks (Shocher et al., 2018).

To overcome these shortcomings, recent research has
shifted  towards  image-specific = and  non-supervised
paradigms. A notable example is the zero-shot SR (ZSSR)
framework (Shocher et al., 2018), which trains a compact CNN
directly on the input image. The method exploits the internal
recurrence of information within a single image, constructing
HR-LR training pairs by downscaling the input and using
these synthetic samples to learn image-specific mappings. At
evaluation time, the available image is provided to the network

to produce the super-resolved output.
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This paradigm allows the network to adapt to the unique
degradation and structural characteristics of each input image,
enabling SR even when the acquisition process is unknown or
non-ideal (Shocher et al., 2018). Such image-specific methods
demonstrate that internal image statistics can often provide
stronger predictive power than external ones, particularly
under high uncertainty or complex degradations — as is
typically the case in remote sensing (Shocher et al., 2018).
When additional knowledge about the acquisition process,
such as an estimated degradation kernel, is available, it can
be explicitly incorporated into the training phase to further

enhance reconstruction quality (Shocher et al., 2018).

Sensor-dependent degradations: The nature of the
acquisition process itself plays a critical role in the applicability
of SISR approaches to remote sensing data. Indeed, even
image-specific or non-supervised approaches are influenced by
the characteristics of the acquisition process. As highlighted
by Shocher et al. (2018), the performance of supervised SR
models tends to deteriorate when the real degradations differ
from the synthetic ones used during training, due to the
variability of sensor responses. As a result, even very complex
models trained on simulated datasets perform poorly when
applied in practice (Wang et al., 2021b; Shocher et al., 2018).

A model assessed on such data effectively learns to “reverse”
a different degradation process, and may therefore fail to
generalise to other distortion schemes. As a result, in
real-world settings, state-of-the-art SISR approaches often
underperform. Interestingly, in most studies the degradation
model employed to simulate image pairs is independent of the
acquisition sensor, even in relatively complex models, and the

issue remains largely unexplored (Sdraka et al., 2022).
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Image quality assessment: Evaluating the performance of
remote sensing SISR remains equally challenging. Although
there are several methods to handle SISR, their success is
primarily determined by the quality of the super-resolved
images. The ideal scenario for image quality assessment
is when a GT image is available for comparison with the
generated image. However, this is rarely viable in remote
sensing (Sdraka et al., 2022).

When GT images are not accessible, a reduced-resolution (RR)
protocol can be employed (Wald et al., 1997). The available
LR image can be scaled down using the imaging model, and
the SISR algorithm may then be tasked to super-resolve it to
its original resolution. In this way, a pseudo-GT image can be
used to assess the model’s accuracy. This protocol is based on
the premise that model performance is scale-independent, and

it must therefore satisfy two important properties:

e The consistency property, which requires that the
LR version of the super-resolved image must be as

comparable as possible to the original input LR image.

e The synthesis property, which requires that a coarser LR
image, generated by reducing the original input according
to the imaging model, can be super-resolved to yield a

valid reference image (Fernandez-Beltran et al., 2017).

When a GT image is available, full-reference metrics are
typically employed to quantify the distortion between the
reference and the reconstructed image.

An alternative approach consists of employing the images at
their original resolution, forgoing the use of a reference image.
This methodology, known as the full-resolution (FR) protocol,
has the benefit of testing algorithms at the resolution used

in practice, assessing their ability to infer missing features
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directly from the available data. When the GT image is
not available, no-reference metrics are employed to assess the
perceptual quality of the reconstructed image without relying
on a reference. This approach is best used in conjunction with
the RR protocol to mitigate the uncertainties caused by the

scale-invariance assumption (Sdraka et al., 2022).

The two evaluation protocols are illustrated in Figure 2.8,

which provides a schematic representation of their workflow.

N Ir SISR 9 Full-reference)) | (%)
. / metrics

L.

Not available

o=

(b)

Not available

Figure 2.8: Schematic representation of the (a) RR and (b) FR protocols
used to evaluate SISR in remote sensing. In (a), K denotes the assumed
blurring kernel applied during the degradation process to simulate the
creation of lower-resolution images. In (a) the availability of a GT image
allows the use of full-reference metrics. In (b), where the GT image is not

available, the performance is assessed through no-reference metrics.

2.3.2.2 Dimensionality management

A further challenge concerns the dimensionality of the input
data when hyperspectral images are employed. Standard SISR
algorithms are frequently directed at super-resolving grayscale
images, i.e. single-channel inputs (C' = 1). The standard

approach for RGB images (C' = 3) involves transforming them
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into the YCbCr colour space, super-resolving the luminance
channel (Y), and simply interpolating the chrominance
channels (Cb and Cr). More recent methods in computer
vision typically operate on all channels simultaneously, yet
there is still little consensus on the most suitable strategy for

multi-channel images (Fernandez-Beltran et al., 2017).

In the hyperspectral case, the issue is considerably more severe.
Super-resolving each channel independently or all C' channels
jointly is computationally expensive and fails to exploit
spectral redundancy (Akgun et al., 2005). Since spectral
correlation is often high, most of the spectral information is
usually contained within a sub-manifold of the overall spectral
space. This makes dimensionality reduction a crucial step in
hyperspectral data analysis, provided it is performed without

discarding critical information (Shaw and Manolakis, 2002).

Because hyperspectral data comprise hundreds of spectral
channels, hyperspectral SISR requires strategies that differ
substantially from those used for panchromatic (C = 1)
or multispectral (C' ~ 3-10) data (Chen et al., 2023a;
Aburaed et al., 2023). Hyperspectral sensors often capture
reflection information across hundreds of successive narrow
bands, providing richer spectral detail than natural images.
First, feeding a full hyperspectral cube into a reconstruction
network results in high computational costs and model
training difficulties.  Second, during the imaging process,
noise unavoidably corrupts the acquired information, with
variations across bands (Chen et al., 2023a). For these reasons,
researchers have proposed SISR reconstruction techniques
based on a subset of key bands, most often selected via
principal component analysis (PCA) (Hu et al., 2017). PCA is
an orthogonal linear transformation that identifies a reduced

set of components capturing most of the variance in the data,
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while also preserving detailed spatial features (Irani and Peleg,
1991; Michaeli and Irani, 2013). In hyperspectral SISR, the
primary components are typically super-resolved, whereas the
secondary ones — which contain less information and more
noise — are interpolated before reconstructing the original
image (Sun et al., 2008). From a theoretic perspective, PCA
partitions the spectral space into correlated subgroups and
selects the band with the highest entropy in each subset
as representative (Chen et al., 2023a). This strategy is
computationally efficient, although it may discard relevant

spectral details.

Beyond PCA, several learning-based architectures have
also been developed for hyperspectral SISR. For example,
uSDN (Qu et al., 2018) implements hyperspectral SR using
an encoder-decoder structure, while in Zheng et al. (2021)
an autoencoder is used to tackle the pixel unmixing problem
and improve band interaction through a learnable PSF. Other
efforts include MHF-net (Xie et al., 2019), URSR (Wei et al.,
2022), MIAE (Liu et al., 2022b), and GJTD-LR (Liu et al.,
2022a). In Wang et al. (2021a), the authors developed
a two-branch network to better exploit band similarity,
combining a 2D branch for spatial information and a 3D branch
for spectral correlation. Similarly, Zhu et al. (2021) presented
a lightweight residual network to capture high-frequency band
information, Arun et al. (2020) proposed a 3D conv-deconv
framework with endmember constraints, and Chen et al.
(2021) introduced SSRN, a self-supervised mapping between
multispectral and hyperspectral domains.  More recently,
transformer-based architectures have also been employed, e.g.
in Hu et al. (2022a), where global information is captured to

achieve state-of-the-art results.

Finally, cascade fine-tuning approaches have been proposed
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to reduce training complexity (Guarino et al., 2024). Yet,
the majority of these techniques rely on statically predefined
iteration counts, and their fine-tuning is neither parallelisable
nor directly dependent on image characteristics.  These
limitations highlight the need for strategies that can account
for spectral redundancy while improving computational

efficiency.
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Chapter 3

Methods

In this chapter, we will provide a detailed description
of all the methods and algorithms employed in the
experimental analysis. First, in Section 3.1, we will
present the methodology employed to derive the sensor-specific
degradation function from the instrument’s calibration data,
which forms the basis for characterising the sensor’s spatial
response. Subsequently, in Section 3.2, we introduce the
proposed framework for applying SISR on S5P Level-1b
radiance images. We describe in detail the architecture of
the employed network (Section 3.2.1), including its design,
the strategy for integrating the instrument’s spatial response
into training, and the optimization procedure with all training
parameters. Building on this, we will then explain in detail
the computationally efficient fine-tuning strategy specifically
designed for hyperspectral data (Section 3.2.2), which allows
the adaptation of the model across a large number of spectral
channels while keeping the computational burden manageable.
This chapter thus provides a foundation for understanding the
rationale behind the methods applied, serving as a guide for

interpreting the results presented in the following chapter.
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3.1 Sentinel-5P PSF derivation from
PRF

For each pixel in each DEM of Level-1b radiance data, ESA
provides just the pixel response function (PRF), whose role is
thoroughly described in Section 2.2.3.1. However, the imaging
model to fully describe the acquisition of radiance images
(Equation 2.4) requires the point spread function (PSF).
Because DEM space and image space are not equivalent, we
designed a method to derive PSFs from PRFs (Section 2.2.3.1).

The PRF products of TROPOMI instrument’s four DEMs were
retrieved during a calibration campaign from 10 January 2015
to 21 January 2015 in Liege, Belgium. They are fully available
on TROPOMI’s SentiWiki. Each product consists of a set of
measurements of the PRF, described as the volume-normalised
signal in two directions: azimuth and elevation angles. Each
set of samples corresponds to one pixel, namely a single row
(spatial dimension) and column (spectral dimension) of the
DEM (European Space Agency, 2016).

During the calibration, both azimuth and elevation angles
were varied with a step size of 0.05°, and their intervals were
large enough to cover the entire PRF graph (European Space
Agency, 2016). The number of measurements was fixed to
the highest number of samples available across all pixels of
each DEM to form a consistent grid. For pixels with fewer
measurements, the remaining elements contain fill values. The
number of samples is 406, 155, 158, and 1320 for the UV, UVIS,
NIR, and SWIR DEM, respectively (European Space Agency,
2016).

The UV, UVIS, and NIR DEMs have 1025 rows and 1024
columns, while the SWIR DEM has 257 rows and 1000
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columns. For each of the UV, UVIS, and NIR DEMs, columns
1-512 correspond to BD 1, BD 3, and BD 5, respectively,
while columns 513-1024 correspond to BD 2, BD 4, and BD 6.
For the SWIR DEM, columns 1-500 correspond to BD 7,
and columns 501-1000 correspond to BD 8 (European Space
Agency, 2016).

During the calibration, about 84% of the total pixels in each
DEM were sufficiently illuminated. Within illuminated pixels,
some PRFs were still not correctly determined and are provided
as interpolated values computed using the PRFs of adjacent
pixels (European Space Agency, 2016). The PSF for each DEM
was derived from the preprocessed PRF at the centre of its
illuminated pixels. The first illuminated rows’ indices are 83,
82, 80, and 12, respectively for the UV, UVIS, NIR and SWIR
DEM, while the last illuminated rows’ indices are 939, 938, 937,
and 227, for a total of 856, 857, 857, and 215 illuminated rows
for each DEM. Similarly, the first illuminated columns’ indices
of the four DEMs are 187, 183, 183, and 12, respectively for the
UV, UVIS, NIR, and SWIR DEM, while the last illuminated
columns’ indices are 837, 835, 837, 226, for a total of 650, 652,
654, and 214 illuminated columns for each DEM. The indices
of the central illuminated pixels in the DEMs, expressed in the
format (row; column), which we employ to formalise the PSF's,
are (511;512) for the UV, (510;509) for the UVIS, (508;510)
for the NIR, and (120;119) for the SWIR.

Each set of employed PRF measurements is subsequently
preprocessed. Specifically, the data are centred by subtracting
their barycentres in the azimuth and elevation directions
(Equation 3.1).

b — SN (s — PRF)

, 3.1
SN PRF; (3:1)

where b, is the barycentre along the azimuth (¢) or elevation
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(€) direction, «; is the i-th measured angular position in that
direction, and PRF'; is the +-th PRF measurement among the
N available values in the set. Then, the PRF measurements are
resampled through bilinear interpolation (Section 2.3.1.1) with
a step size of 0.002 onto predefined grids spanning intervals of
[—0.40,0.40], [—0.35,0.35], [—0.30,0.30], and [—0.90,0.90] for
the UV, UVIS, NIR, and SWIR DEM, respectively.

Each set of preprocessed PRF measurements is then fit to a
two-dimensional Gaussian function (Equation 3.2) convolved

with a rectangular window of a certain width, depending on

the DEM.
1 ZL'2 y2
flz,y) =A-exp (—5 (§+;>> ; (3.2)

Y

where A is the amplitude of the function and o, and o, are
the standard deviations along the x and y axes, respectively.
In our specific case, the axes x and y are ¢ and ¢. The
fitting procedure is performed using non-linear least squares
optimization (Scales, 1985).
The fitting of the considered PRF is optimised by maximising
the R-squared (Equation 3.3) between the fitted and empirical
PRF samples:

R*=1- v = 9 (3.3)

Zz(yl -¥y)? ’

where y; are the empirical values, g; are the fitted values, and
y is the mean of all empirical values, i.e, y. An R-squared
score close to 1 indicates a high degree of agreement between
observed and modelled data, suggesting that the modelling step
being evaluated explains a large proportion of the variance in

the observed values.

The convolution window width is varied in steps of 0.002
over the intervals [0.475, 0.485], [0.220, 0.230], and [0.220, 0.230)]
for the UV, UVIS, and NIR DEM, respectively, and over
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the interval {0.01,0.1,0.2,0.3,0.4,0.5} for the SWIR DEM.
A preliminary interval was determined by visually inspecting
the PRF graph and centring the range around the observed
R-squared peak. Subsequently, the intervals were refined
to improve resolution around their respective maxima. The
resulting R-squared as a function of the convolution width
between fitted and empirical PRF's samples, along with surface
and contour plots of the preprocessed and fitted PRF samples,
are shown in Figures 3.1-3.4 for the UV, UVIS, NIR, and SWIR
DEM, respectively.

Window width

Figure 3.1: The figure represents the surface and contour plots of
the original and fitted PRF for UV DEM. The function fitted to a
two-dimensional centred asymmetric Gaussian function convolved with
a rectangular window is obtained with the best convolution window
width (0.477). The third plot represents the R-squared values when the
convolution window width varies in the interval [0.475,0.485] with step
size 0.002. The best value is indicated with a red dotted line.

The plots demonstrate that the adopted fitting model
is optimised to provide the best approximation of the
preprocessed PRFs for all DEMs, identifying the optimal
convolution width that maximises the fit quality in terms of
the R-squared metric.

The curves show a distinct peak for each DEM. In particular,
UVIS and NIR DEM have a narrow convolution window width
(0.226), as confirmed by their smaller PRFs (contour plots of
Figures 3.2). Also, they share the best fitting function, which
further confirms the similarity of their PRFs. Conversely,
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Figure 3.2: The figure represents the surface and contour plots of
the original and fitted PRF for UVIS DEM. The function fitted to a
two-dimensional centred asymmetric Gaussian function convolved with
a rectangular window is obtained with the best convolution window
width (0.226). The third plot represents the R-squared values when the
convolution window width varies in the interval [0.220,0.230] with step
size 0.002. The best value is indicated with a red dotted line.

UV DEM has a bigger convolution window width (0.477) as
confirmed by the bigger PRF (contour plot of Figure 3.1).
Differently from all others, SWIR DEM is characterised by
a very small convolution window width (0.100) despite having
a very big PRF (contour plot of Figure 3.4). This is due to
the fact that the shape of its PRF is different from the others.
This is further confirmed by the lower R-squared obtained for
the best convolution window width (0.9589) compared with
the other DEMs. The plots generally indicate that the fitting
is sensitive to the choice of the convolution window width, and
that it can be tuned precisely. The resulting fits reproduce well
the original PRFs (surface plots in Figures 3.1-3.4), validating
their use in the subsequent derivation of the PSFs and the
MTFs. The best values obtained are 0.477, 0.226, 0.226, and
0.100 for the UV, UVIS, NIR, and SWIR DEM, respectively.

The set of fitted PRF measurements is then mapped onto
the image space by simulating all processes occurring between
DEM and image space (Section 2.2.3.1).

e For row binning, we simulated the programmable sum

of measurements along the azimuth angle’s direction.
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Figure 3.3: The figure represents the surface and contour plots of
the original and fitted PRF for NIR DEM. The function fitted to a
two-dimensional centred asymmetric Gaussian function convolved with

a rectangular window is obtained with the best convolution window
width (0.226). The third plot represents the R-squared values when the
convolution window width varies in the interval [0.220,0.230] with step
size 0.002. The best value is indicated with a red dotted line.

The number of PRF measurement sets involved in row
binning is fixed for each pixel within a single DEM,
being two for all DEMs except the SWIR, where no row
binning is applied. This procedure was formalised by
(i) computing the shift between the barycentres of the
sets along the azimuth angle’s direction, (ii) resampling
the sets accordingly, and (iii) finally summing them
after fitting each to a two-dimensional Gaussian function
(Equation 3.2) convolved with a rectangular window of
optimal width defined for the corresponding DEM.

As regards satellite motion, under the assumptions
of constant satellite velocity and a perfectly spherical
Earth, it was modelled as the convolution between the
row-binned signal and a rectangular window in the
along-track direction. The window length corresponds to
the angular displacement occurring during the exposure
time, which in turn depends on the number of co-added
measurements, normalised by the sampling step of the

oversampled grid.
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Figure 3.4: The figure represents the surface and contour plots of
the original and fitted PRF for SWIR DEM. The function fitted
to a two-dimensional centred asymmetric Gaussian function convolved
with a rectangular window is obtained with the best convolution
window width (0.100).  The third plot represents the R-squared
values when the convolution window width varies in the interval
{0.01,0.1,0.2,0.3,0.4,0.5}. The best value is indicated with a red dotted

line.

e Furthermore, TROPOMI co-adds several consecutive
measurements before transmission. As for row binning,
the number of the PRF sets of measurements that
are involved in co-addition is fixed for each pixel in a
single DEM. For the considered pixel — namely, the
central illuminated pixel in each DEM — the co-addition
factor is 3, 14, 14, and 5 for the UV, UVIS, NIR, and
SWIR DEMs, respectively. The effect of co-addition
was simulated by performing a convolution between the
involved PRFs, once row binning and satellite motion
have been applied, and a rectangular window whose
width corresponds to the total angular displacement
accumulated during the exposure time in the elevation
angle’s direction, normalised by the sampling step of the

oversampled grid.

The result of these steps is a response of a single pixel in image
space that incorporates all effects that happen at DEM-level.
Figures 3.5-3.8 show the contour plots of the intermediate
functions obtained at each of these steps for the UV, UVIS,
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NIR, and SWIR DEM, respectively.
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Figure 3.5: The figure shows the contour plots of the intermediate
functions before and after each main step of the PSF derivation process,
namely, row binning, platform motion compensation, and co-addition with
factor 3 for the UV DEM.
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Figure 3.6: The figure shows the contour plots of the intermediate
functions before and after each main step of the PSF derivation process,
namely, row binning, platform motion compensation, and co-addition with
factor 14 for the UVIS DEM.

As expected, the row binning operation, which is not applied
to the SWIR DEM, introduces a first spatial smoothing in the
¢ direction. Similarly, the platform motion correction slightly
distorts the PRF along the e direction. However, the most
substantial effect is observed after the co-addition step, whose
impact is especially visible in UVIS and NIR DEM due to their
high co-addition factor, i.e., 14 for both. The representation
of the intermediate responses confirms the cumulative effect
of the processing pipeline and justifies the need to model it

explicitly for PSF derivation.
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Figure 3.7: The figure shows the contour plots of the intermediate
functions before and after each main step of the PSF derivation process,
namely, row binning, platform motion compensation, and co-addition with
factor 14 for the NIR DEM.
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Figure 3.8: The figure shows the contour plots of the intermediate
functions before and after each main step of the PSF derivation process,
namely, row binning, platform motion compensation, and co-addition with
factor 5 for the SWIR DEM. As evident from the first plot, the row binning
operation has no effect, as it is not applied to this DEM.

Once the result of these steps is obtained, it can be
sampled — depending on the scaling ratio considered — to
estimate the PSF. The final PSFs can be analytically
approximated by a centred two-dimensional Gaussian function
with distinct standard deviations along the azimuth (¢)
and elevation (€) directions (formalised in Equation 3.2), as

discussed in Section 2.3.1.
All fitted PSFs derived for all DEMs and sampled according

to a scaling ratio of 4, are shown in Figure 3.9. The surface
plots in Figure 3.9 reveal distinct spatial characteristics for
each DEM. While the PSFs of the UVIS, NIR, and SWIR
DEMs are elongated along ¢, the PSF of the UV DEM appears
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Figure 3.9: The figure shows the surface plots of the fitted PSFs for UV,
UVIS, NIR, and SWIR DEM, viewed from above. Each PSF is normalised
so that the sum of its values equals one and it is fitted to a Gaussian
function. The oversampling ratio is set to 4. In the plots, ¢ refers to the
azimuth angle’s direction and e to the elevation angle’s direction.

more symmetric between ¢ and € directions. FEven if the
along-track resolution is the same (5.5 km) for all DEMs, the
UV DEM shows a broader PSF in the e direction. This is likely
due to a wider empirical PRF shape, which also results in a
larger interpolation window for the preprocessing. In contrast,
SWIR PSF is considerably broader in ¢ direction, indicating
a reduction in spatial detail. This effect is attributable to the
absence of row binning, resulting in a lower resolution in the
across-track direction (7.1 km) if compared to the other DEMs
(3.5 km). Apart from the PSFs for UVIS and NIR DEM, that
are very similar, the pronounced differences with the others
highlight the importance of modelling the PSF individually for
each DEM.

Figure 3.10 presents a comparison between the original
(non-fitted) PSF values and the corresponding analytical
approximation obtained through fitting for the UV, UVIS,
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NIR, and SWIR DEM. The R-squared values (Equation 3.3)
between the two profiles are also reported. The high R-squared
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Figure 3.10: Comparison between the fitted and non-fitted PSF values
for the UV, UVIS, NIR, and SWIR DEM. The R-squared values are also
reported.

values confirm that the two-dimensional asymmetric Gaussian
function closely reproduces the original PSF. This allows the
PSF to be easily derived from the MTF gains at the Nyquist
frequency (Section 2.2.1), i.e., the frequency equal to half of
the sampling rate, in both ¢ and € directions, simplifying the
analysis.

Once the PSF has been obtained, it is first normalised to
unit energy. The MTF is then derived as the modulus of
its two-dimensional Fourier transform. From the resulting
two-dimensional MTF, azimuthal and elevation profiles are
extracted. From these profiles, the MTF at the Nyquist
frequency can be obtained. The gains at the Nyquist frequency
are extracted separately for the azimuth and elevation angles’
directions and are used as compact descriptors of the spatial
response of the instrument at image level. The one-dimensional

MTTF slices along ¢ and €, obtained from the respective fitted
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PSFs, are shown in Figure 3.11 for all DEMs. The gains at the
Nyquist frequency of the MTFs in both ¢ and € directions are
summarised in Table 3.1.

uv UVIS NIR SWIR

.5 5 -0.5 .5 -0.5
® ¢ [ [
uv uvIs NIR SWIR

-Otﬁ 0 0.5 -0.5 0 0.5 -0.5 ) 0.5 -0.5 0 0.5
Figure 3.11: The figure illustrates the first slices along both the azimuth
angle’s direction (¢) and the elevation angle’s direction (), respectively
in the first and second rows of the figure, of the two-dimensional MTF's
for UV, UVIS, NIR, and SWIR DEM for ratio 4.

UV | UVIS | NIR | SWIR
¢ 037| 044 | 045 | 0.15
€ 036 074 | 0.74 | 0.20

Table 3.1: In this table, the gains at the Nyquist frequency for both
the azimuth angle’s direction (¢) and the elevation angle’s direction (e)
obtained from the MTFs of UV, UVIS, NIR, and SWIR DEM are listed
for ratio 4.

From both Figure 3.11 and Table 3.1 it is clear that the €
direction exhibits higher gains than the ¢ direction for UVIS
and NIR DEMs, as expected from the strong asymmetry of
their PSF's in Figure 3.9 and difference in shape of their MTF's’
slices in Figure 3.11. These DEMs also achieve the highest
gains, indicating a better image quality. The very similar plots
for these DEMs also confirm the fact that their PSF's are very
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similar to each other, as clear from Figure 3.9. Conversely, the
UV and SWIR DEM show the lowest gains in both directions,
consistent with their wider PSFs. The symmetry between the ¢
and e directions in the PSF of UV DEM is further confirmed in
the plots of the derived MTF’s slices in Figure 3.11. As regard
SWIR DEM, it exhibits the narrowest MTF’s slices, especially
along ¢, where the gain at the Nyquist frequency is lower. This
behaviour is consistent with its very large and elongated PSF
along ¢ and lower spatial resolution across-track due to the
lack of row binning. Also, if compared to the other DEMs,
SWIR DEM’s MTF’s slices have many oscillations, especially
along ¢, suggesting strong smoothing effects.

The whole methodology herein described is summarised in the

block diagram reported in Figure 3.12.

PRF set DEM space to MTF from
pre-processing image space oversampled PSF

DEM'’s central illuminated
pixel’s PRF set

Gains at the Nyquist
frequency

Figure 3.12: Block diagram of the proposed methodology for obtaining the
PSF formalization from TROPOMI PRF data. The diagram illustrates
how the MTF gains at the Nyquist frequency are derived from the set of
PRF measurements for one DEM, from which a formal representation of
the PSF can be obtained.

3.1.1 Sensitivity analysis of the derivation
method

In this section, additional sensitivity analyses are presented and
discussed. In particular, the following aspects are investigated:

the influence of the specific set of PRF measurements used in
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the derivation process; the impact of fitting the PRF; and the

influence of selected model parameters.

No experiments were performed on varying binning factors,
because they are always equal to two for all DEMs except
SWIR, where binning is not applied. Instead, we analysed
PRFs sensitivity to changes in the co-addition factor, which

varies across the considered region.

These additional experiments will be presented only for the

UVIS DEM, for simplicity, as similar conclusions can be drawn
for the other DEMs.

3.1.1.1 Comparison between central and row-specific
PRFs

The PSFs and MTFs are derived from the PRF data of the
central illuminated pixel of each DEM. However, each pixel in
a DEM is associated with a different set of PRF measurements.
In this paragraph, this aspect is analysed and discussed for the

DEM’s rows (spatial dimension).

Figure 3.13 shows R-squared values (Equation 3.3) between
the empirical PRF of each row in the UVIS DEM and: (i) the
fitted PRF of the same row (green) or (ii) the fitted PRF of the
central row (cyan). The column index (spectral dimension) is
fixed at the centre.

As shown in the figure, the central PRF can be considered
representative of all pixels within the central region of the
spatial dimension (rows) of the DEM, where the R-squared
of both curves closely match. This behaviour arises because,
at the swath’s centre, distortions are minimal and the sensor’s
PRFs are nearly uniform across adjacent pixels. In contrast, at
the swath edges, the signal is affected by geometric distortions

due to the Earth’s curvature, leading to greater discrepancies
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Figure 3.13: The figure shows the R-squared values between the empirical
PRF associated with the current row of UVIS DEM and either the
fitted PRF corresponding to the same row (in green) or the fitted PRF
corresponding to the central row (in cyan). The column is chosen to be
at the centre.

between the local and central PRFs. This is evident from the
increasing divergence between the two curves toward the edges
of the swath.

In all subsequent analyses, the Level-1b data from S5P
are cropped to regions near the nadir, where the spatial
resolution across-track is at most 8 km, and are subsequently
resampled onto uniform spatial grids with a resolution of
3.5 km across-track. As such, the central PRF is considered a

valid representative for the entire DEM.

3.1.1.2 Effect of averaging multiple central PRF's

Similarly to the previous analysis, it is now discussed the
possibility of averaging multiple PRFs along the considered
central rows of the UVIS DEM. A range of averages in the
interval {1, ..., 11} with a step of 2 is considered, and the central
PRF is always included in the averaging process. The column

index is fixed at the centre in this analysis too.

Figure 3.14 shows the R-squared between the preprocessed
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PRF of the current row (indicated on the x-axis; only
the central interval {200,...,700} with a step size of 20 is
considered) and the fitted averaged PRF values for UVIS
DEM. In the plot, the rows corresponding to the averaged
PRFs are indicated with markers. The plot of the R-squared

0.9933 oo

0.9763 No ave
X + 3 avg PRFs
% 0.9593 5 avg PRFs ||
» 7 avg PRFs
0.9423 9 avg PRFs |]
4 11 avg PRFs
0.9253 : : : :
200 300 400 500 600 700

Row

Figure 3.14: Analysis for the UVIS DEM showing the R-squared values
between the preprocessed PRFs for each row and the fitted averaged PRF's
for UVIS DEM. The markers indicate the rows considered in the average.

values between the current empirical PRF and the fitted
averaged PRF over an increasing number of PRFs shows that
the R-squared remains consistently high, with only minor
variations as the number of averages increases. This indicates
that averaging multiple PRFs does not significantly improve
the fit quality compared to using the central PRE' alone.

In practical terms, this suggests that the central PRF is already
sufficiently representative for the PSF derivation method,
as anticipated in the preceding paragraph, and averaging
additional PRF's does not provide substantial benefits.

3.1.1.3 Influence of column-dependent PRF's on gain

variations

A further analysis was conducted on five columns of the

DEM — specifically, columns 183 (first illuminated column),
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346, 509 (central column), 672, and 835 (last illuminated
column) — to evaluate potential variations along the columns
(spectral dimension) of the DEM. In this analysis, the row
index was fixed at the centre.

Figure 3.15 shows line plots of the gains at the Nyquist
frequency in both the ¢ and e directions, obtained from

PRFs corresponding to different columns. The analysis of

£ 0.4400

&0 0.4000 -

©0.3600

183 346 509 672 835
Column

5 0.7454 |

% 0.7452 /
© 0.7450 ¢ :

183 346 509 672 835
Column

Figure 3.15: Line plots of the corresponding gains at the Nyquist
frequency along the azimuth angle’s direction (¢) and elevation angle’s
direction (e) for the selected columns of the UVIS DEM.

the PSFs corresponding to different columns of the UVIS
DEM in Figure 3.15 reveals that variations along the column
dimension are relatively minor. Specifically, the line plots of
the gains at the Nyquist frequency show minimal differences
among the columns considered, despite corresponding to very
different spectral frequencies. This is especially evident in the
¢ direction, where the values vary at the fourth decimal place.
This finding suggests that the PRFs of the sensor are largely
homogeneous across the spectral dimension of a given DEM.
Consequently, for subsequent analyses and final modelling, it

was deemed reasonable to fix the column at the centre.

All conducted analyses regarding the influence of the PRF

choice on PSF derivation indicate that selecting the central
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preprocessed PRF — both along the rows (spatial dimension)
and columns (spectral dimension) of each DEM — is a justified
approach for deriving the PSFs and MTF's.

3.1.1.4 Impact of PRF fitting

This paragraph presents the results of the comparison between
the derivation of the PSF directly from the preprocessed PRF
and the PSF obtained from the PRF approximated to a known

analytical function.

Figure 3.16 shows: (i) a plot comparing the fitted PSF
samples obtained directly from the preprocessed PRF (x-axis)
with those obtained from the analytically approximated
PRF (y-axis), including the corresponding R-squared value
(Equation 3.3); (ii) the MTF slice along the ¢ direction of
the two-dimensional MTFs derived from both fitted PSF's; and
(iii) the MTF slice along the € direction, also derived from both
fitted PSFs. The figure refers to the UVIS DEM. As it can be

1
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Figure 3.16: The plots represent, from left to right, (i) the fitted PSF
values obtained directly from the preprocessed PRF (x-axis) and the fitted
PSF values obtained through the PSF derivation method described in
Section 3.1 (y-axis); (ii) the MTF slice in azimuth angle’s direction (¢)
derived from the two PSFs; and (iii) the MTF slice in elevation angle’s
direction (e) derived from the two PSFs. The plots refer to UVIS DEM.

observed in the first plot, there is a strong correlation between
the fitted PSF samples derived directly from the preprocessed
PRF and the fitted PSF samples derived from the modelled
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PRF, as confirmed by the high R-squared (0.9999). Similarly,
the MTFs’ slices along ¢ and € are nearly completely overlying.

Using a fitted PRF does not significantly change the resulting
PSF compared to the preprocessed PRF. Nevertheless, we
adopt the approximation to achieve a smoother representation,
reduce measurement noise, and provide a more reproducible

PRF for future analyses.

3.1.1.5 Influence of different PRF fitting functions

In this paragraph, the results of the comparison between
different analytical functions used to fit the preprocessed
PRF are discussed. In particular, the final fitting
function — namely, a centred asymmetric two-dimensional
Gaussian (Equation 3.2) convolved with a rectangular window
of optimal width — is compared with both a single centred
asymmetric two-dimensional Gaussian and a weighted mixture

of two such functions.

Figure 3.17 shows the surface plots of the difference between
the preprocessed PRF and the fitting function for all three
analytical functions and the plot of the empirical PRF samples
(x-axis) and the fitted ones (y-axis) with the respective
R-squared (Equation 3.3) values. The figure refers to the UVIS
DEM. It is clear by observing the surface plots of the differences
in Figure 3.17 that the Gaussian function convolved with a
rectangular window in its best configuration yields the best
approximation for the preprocessed PRF. It is indeed more
strongly correlated to the empirical PRF samples than the
single Gaussian (+4% on the R-squared) and the mixture of
two Gaussian functions (+1% on the R-squared) as shown in
the fourth plot in Figure 3.17.

For this reason, in the PSF derivation method the preprocessed
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Figure 3.17: Surface plots of the difference between the preprocessed
PRF and the fitted PRF for all three analytical functions. In particular,
1G refers to the single Gaussian function, 2G to the mixture of two
Gaussian functions, and GConv to the Gaussian function convolved with
a rectangular window of optimal width, i.e., 0.226. The last plot shows the
empirical PRF samples (x-axis) and the fitted PRF samples (y-axis) for
all three fittings with the respective R-squared values. The figure refers
to the UVIS DEM.

PRF is fitted to a centred asymmetric Gaussian function

convolved with a rectangular window.

3.1.1.6 Effect of the co-addition factor

The impact of the co-addition factor on the derived PSF is
evaluated in this section. Although the PRF selected for
PSF derivation is assumed to correspond to the response of
the central pixel of the DEM, where the co-addition factor
is fixed — and the implications of this assumption have
already been discussed — we further investigate how different
co-addition factors across the UVIS DEM affect the resulting
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Figure 3.18: Variation of the gains at the Nyquist frequency along the
elevation angle’s direction (€) as a function of the co-addition factor,
ranging from 2 to 14, for the UVIS DEM.

PSF.
Figure 3.18 shows the variation of the gains at the Nyquist

frequency along the elevation direction (€) as the co-addition
factor varies in the interval {2,...,14} with steps of 1. The
considered interval was selected by taking into account all
co-addition factors of the UVIS DEM pixels. Only the
elevation direction is presented because the co-addition affects

exclusively this axis.

As evident from the plot, the gain increases with the
co-addition factor. This occurs because summing multiple
responses along the e direction amplifies the cumulative
broadening effect, which enhances the response’s sensitivity
and thus the relative gain. The gain corresponding to a
co-addition factor of 2 is especially lower. However, this factor
only occurs at pixels located along the edges of the DEM,
which — as discussed before — are excluded from further
analyses. In contrast, the gains for all other co-addition values
remain approximately constant within the region of interest. It
is therefore reasonable to consider only the co-addition factor
of the central pixel of the DEM.
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3.2 Proposed super-resolution

framework

We have proposed and employed a DL-based algorithm, called
S5Net, which is specifically designed to conceptually mirror
the sequence of phases that characterise the transformation
between the LR and the HR domains in learning-based SISR
approaches (Section 2.3.1.3).

To address the gaps identified in the literature on this topic
(Section 2.3.2), particularly the lack of GT references, the
standard nature of image degradations, and the challenges
related to hyperspectral image processing, we proposed two
contributions. First, we introduced a dedicated image-specific
training process that explicitly incorporates the spatial
response of the imaging instrument, formalised through the
methodology described in Section 3.1, ensuring that the learned
model remains physically consistent with the acquisition
system. Second, we developed a computationally efficient
fine-tuning strategy tailored to hyperspectral imagery, enabling
the adaptation of the network to a large number of channels
while keeping processing times manageable and preserving

spectral consistency.

3.2.1 S5Net: a deep-learning architecture

for PSF-aware super-resolution

In this subsection, we introduce PSF-aware S5HNet, the
DL-based architecture that we developed in Carbone et al.
(2024b) to perform SISR of S5P Level-1b images while
explicitly accounting for the instrument’s spatial response. We
indeed describe also how prior knowledge of the PSF is formally

incorporated into the training procedure, ensuring that the
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model learns reconstructions that are physically consistent with

the imaging system.

3.2.1.1 Core network design

As explained in Section 2.3.1.3, mapping-based learning
approaches handle the SISR problem by observing a training
set of pairs of LR and HR images, and they attempt to find a

mapping function between low- and high-resolution domains.

We have thus defined a neural network, which we will refer
to as SHNet, shown in Figure 3.19, that conceptually matches
the four phases that make up this transformation — image
upsampling, image representation, non-linear mapping, and
image reconstruction. The second, third and fourth parts
can be represented as convolution layers, while, for the first
one, we choose a transposed convolution layer (Zhang et al.,
2023). For this reason, SHNet can be considered a CNN.
For clarity, we denote a convolution layer as Conuv;(f;, n;,¢;),
and the transposed convolution layer as TransConuv;(f;, n;, ¢;),
where the variables f;, n;, ¢; represent the filter size, the number
of filters and the number of channels in the i-th phase, with

i ={1,...,4}, respectively.

Figure 3.19: A graphical representation of S5Net consisting of four blocks:
image upsampling, image representation, non-linear mapping, and image

reconstruction.

e Image upsampling: as image upsampling particularly

affects the task, a transposed convolution layer
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TransConuvi(f1,n1,1) is herein employed (Zhang et al.,
2023). Given a scaling ratio of r between the low-
and high-resolution domains, transposed convolution
increases the size of the input by inserting » — 1 zeros
between two consecutive pixels and performing zero
padding. It then convolves the resulting image n; times
with kernels of size f; x f; x 1.

Image representation: this process takes each patch in the
upsampled image and represents it as a high-dimensional
vector in a given basis (Aharon et al., 2006). A linear
representation is obtained by applying the convolutional
layer Convsy(fa,ng,1), which convolves the upsampled
image ns times with filters of size fo X fo X 1, applying
appropriate padding (here, border pixels are replicated
to handle edge effects), and optionally adding biases.

Non-linear mapping: each no-dimensional vector is
non-linearly mapped onto an ns-dimensional vector. This
is implemented as a convolution with ngs filters of size
f3 X f3 X ny, namely Conuvs(f3,ns, ny). Additional layers
can be stacked at this stage to increase non-linearity if

needed.

Image reconstruction: the patch-wise HR representation
is combined to produce the final super-resolved image.
In the neural network, this corresponds to a convolution
with one filter of size fy4 x f;, applied to the
ns-dimensional representation, i.e., Convy(fy, 1,n3). The
output has one channel, matching the original input

image.

We combined the four steps to create the neural network

depicted in Figure 3.19. The rectified linear
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(ReLU) activation function is applied after each intermediate

convolution to introduce non-linearity (Nair and Hinton, 2010).

Overall, the network can be formally expressed as:
H, = Conuy (o(Convs(a(Conve(TransConvi (L.)))))  (3.4)

where o(-) denotes the ReLU activation function, and L. and
fIC denote the c-th channel of the LR input image and the HR
reconstructed image, respectively, with ¢ € {1,...,C} and C

the total number of channels in both images.

It is important to note that S5Net works on a per-channel basis:
each spectral channel ¢ € {1, ..., C'} is processed independently
by the network, which learns to reconstruct the corresponding
HR counterpart. This choice implies that both training and

testing must be repeated for all C' channels.

3.2.1.2 Optimization and training scheduling

We train SbNet using stochastic gradient descent
(SGD) (Robbins and Monro, 1951).  The optimization
configuration depends on whether the transposed convolutional

layer is active.

e Without transposed convolution: only the three
convolutional layers are trained. The learning rate is set
to 1072 for the first two convolutional layers, while the
last convolutional layer is trained with a reduced learning
rate (1072).

e With transposed convolution: training is performed in
two phases. In the first phase, only the convolutional
layers are updated as for the previous case, while in
the second phase the convolutional layers are frozen and
the transposed convolutional layer is optimised with a

learning rate 1072,

81



3.2. PROPOSED SUPER-RESOLUTION FRAMEWORK

The model is always trained by minimising the mean square
error (MSE) between the network’s output and the c-th channel
of the HR GT image for a fixed number of iterations i5. The
MSE loss function is defined as:

N 1 ~ \2

MSE(HLH) = 3 (H - H) , (3.5)

where H.; and PAIC,Z- denote the i-th pixel values of the c-th
channel of the reference image H and the reconstructed image
ﬁ, respectively, and NNV is the number of pixels. Lower values

of the MSE indicate better reconstruction accuracy.

To avoid border effects that could bias the learning process, a
customised MSE function is herein employed. In particular,
when the fixed parameter d is greater than zero, a border
of d — 1 pixels is cropped from both the reconstructed and
the reference images before computing the MSE. This ensures
that only the central, reliable region of the images contributes
to the optimization process. When d = 0, the full images
are compared. This strategy is particularly beneficial when
dealing with upsampling operations, where edge artefacts are

more likely to occur.

It is worth noting that, due to the lack of real HR GT data
for the TROPOMI instrument, as discussed in Section 2.3.2,
training is performed in a non-supervised, image-specific
fashion. FEach image is used to generate its own degraded
counterpart, which serves as input during optimization, while
the original image is subsequently employed during assessment,
as shown in Figure 3.20. This strategy is consistent with
state-of-the-art approaches in remote sensing SR, (Sdraka et al.,
2022; Hosseiny et al., 2024), such as zero-shot SR (Shocher
et al., 2018), and enables the network to exploit the internal
spatial redundancies within each image rather than relying on

cross-image generalization.
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Image-specific training

Not available ij’
—————————————————————————— 4

Figure 3.20: Overview of the non-supervised, image-specific training
strategy adopted for S5Net due to the lack of real GT data for the
TROPOMI instrument. Each available image L. is used to generate

its own degraded counterpart L/ through the assumed blurring kernel
K. This image serves as the input during optimization, while L. is
subsequently employed during assessment. During training, the network
minimises the MSE loss (as defined in Equation 3.5) between the original

image L. and its reconstruction L.

The network is thus initialised with the two-dimensional cubic
polynomial kernel (Keys, 1981), discussed in Section 2.3.1.1,
for the first transposed convolution channel, and with the
state-of-the-art SRCNN (Dong et al., 2016a) weights for the
remaining convolutional channels, and then fine-tuned in a

non-supervised fashion, following the strategy described above.

3.2.1.3 Integration of PSF knowledge into the

training process

A critical aspect of the proposed architecture and training
strategy is the explicit integration of TROPOMI’s PSF into
the training process of S5Net. Instead of relying on generic
downsampling or idealised degradation models, the spatial
response of the instrument is directly embedded in the

generation of the training data.

Specifically, LR available images are artificially degraded by

convolving them with the formalised PSF of the sensor under
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study and then decimated according to the target resolution,
as formalised in Equation 2.4. The original LR images are then
used as GTs. In this way, the training set consists of realistic

pairs that mimic the actual acquisition process.

This strategy allows the network to learn a mapping that
compensates for the specific distortions introduced by the
instrument’s PSF. As a result, the reconstructed super-resolved
images are physically consistent with the sensor’s imaging
model and better adapted to the characteristics of the original
dataset. The approach ensures that the network is optimised
for the same type of degradation encountered during image
acquisition, thereby reducing the gap that would otherwise
arise if synthetic LR images were generated using generic
kernels, as discussed in Section 2.3.2.

3.2.2 Dynamic multidirectional cascade
fine-tuning algorithm for

hyperspectral data

In the standard training procedure adopted in Carbone et al.
(2024b), S5Net is fine-tuned independently for each spectral
channel. That is, each channel of the available LR image in
the training set is retrained from the same initial weights W
and biases by. During this procedure, the network iteratively
estimates one possible HR version of the corresponding LR
image in the training set by minimising the loss function
between the estimation and the related GT image (according
to Equation 3.5) for a fixed number iy of iterations. The
learned weights W, and biases b. V ¢ € {1,...,C'}, where
C' is the number of total channels in the imagery employed,
are then used by the network to estimate in the test phase a

super-resolved image.
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The main issue of this process is that the fine-tuning completely
restarts from the same set of weights and biases for each
channel, costing an extensive amount of fine-tuning iterations,

ie., C - 1.

3.2.2.1 Description of the proposed efficient
fine-tuning strategy

The dynamic multi-directional cascade fine-tuning algorithm
we propose in Carbone et al. (2024a), depicted in Figure 3.21,
starts with the initial set of weights W and biases b, from
the monochromatic image L'c, i.e., the central channel in the
training input image L. T heil, the tuning iteratively proceeds
in two different directions: from the set of weights W,._; and
biases b, V¢ € {% +1,..., C} and from the set of weights
W, and biases b. 1 V¢ € {1, e % - 1}, in both cases for

1. iterations.

Figure 3.21: An overall graphical description of the proposed dynamic
multi-directional cascade fine-tuning algorithm (b) compared to the

traditional fine-tuning (a).

With a few exceptions, we observed that the correlation
between consecutive channels is often quite high and that
far-away ones have relatively low correlations, particularly
when their spectral frequencies are significantly different. As
a result, we argue that the more uncorrelated the involved
channels at each step, the more iterations would be required for

the tuning of the current model from the adjacent one, and vice
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versa, in contrast to most approaches in the literature, which

typically rely on static training paradigms (Section 2.3.2).

So, during the procedure, when ¢ = % the number of iterations
is fixed to i,, and, for each ¢ # %, it is dynamically computed

as the result of the linear relation formalised in Equation 3.6:

m- (1= pees1) +q ifce{l,...,$ -1}

: (3.6)
m- (1= pee1)+q ifce {%—Fl,...,C’}

where p. .11 is the Pearson correlation coefficient between L,
and L/ ;. To estimate the values of the other two parameters,
i.e., m and ¢, we employed a static multi-directional cascade
fine-tuning on the network, executing a fixed number of
iterations i. € {1,...,is} per channel. We subsequently
determined the iteration ¢, at which, during this process,
each model is 7 away from achieving its optimal performance
in terms of a chosen metric. Then, we found the best line
fitting between these values and all corresponding (1 — pect1)
Vee {l,...,C}. The two parameters, namely, m and ¢, are
respectively the slope and intercept of the straight line obtained

as a result.
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Chapter 4

Experimental results

In this chapter, we present, analyse, and critically discuss all
experimental results obtained throughout the research using
the proposed SISR methodology. We begin by describing
the experimental setup of the whole assessment (Section 4.1),
including details on the datasets used, and the preprocessing
steps applied (Section 4.1.1). We then introduce the evaluation
metrics employed to assess performance (Section 4.1.2) and
the specific setting of the image quality assessment protocols
(Section 4.1.3). The whole experimental setup for SISR
evaluation is detailed (Section 4.1.4), followed by an overview
of key implementation and training details (Section 4.1.5).
The experimental evaluation is structured into two parts.
Section 4.2 is focused on the full assessment of the proposed
approach, which constitutes the core of the evaluation of the
proposed framework. It is organised into three parts: (i)
the full optimization of the proposed SISR approach; (ii) the
evaluation of the impact of the PSF on the PSF-aware SISR
methodology applied to S5P radiance data; (iii) the results
of the proposed dynamic multi-directional cascade fine-tuning
algorithm, integrated into the SISR assessment, along with

comprehensive final results on S5P data. On the other hand,



CHAPTER 4. EXPERIMENTAL RESULTS

Section 4.3 illustrates an applicative case study focusing on
air pollution monitoring. This chapter serves to contextualise
all experimental findings, providing the necessary basis for
interpreting the effectiveness and implications of the proposed

framework.

4.1 Experimental setup

In this section, we describe the experimental setup.
Specifically, we present the datasets used and detail
the preprocessing steps applied across the experimental
assessment. We also outline the evaluation metrics, the setting
of the image quality assessment protocols and the experimental
setup for SISR evaluation. Finally, we provide relevant

implementation and training details to ensure reproducibility.

4.1.1 Sentinel-5P Level-1b dataset and
preprocessing for super-resolution

assessment

In all SISR analyses we used Level-1b radiance data of S5P’s
TROPOMI instrument as described in Section 2.2.3.1. In
particular, ten representative orbits are employed. Table 4.1

summarises their primary characteristics.

By a deep analysis, it resulted that:

e BD 1 radiance values are characterised by a very low
SNR, usually lower than 50 decibels (dB), and a very
low spatial resolution, equal to minimum 10 km, which

may cause issues in the analyses.

e BD 7 and BD 8 radiance values have a minimum spatial
resolution of 7.1 x 5.5 km? due to the SWIR DEM’s
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Tag Date Orbit Central location

AG | 23-06-2020 | 13962 (32° N, 5° E) - Algeria

CG | 23-06-2020 | 13962 | (1° S, 15° E) - Congo Republic

CS | 23-06-2020 | 13960 (40° N, 56° E) - Caspian Sea

EE | 23-06-2020 | 13961 (48° N, 22° E) - Romania

EG | 04-08-2024 | 35285 (26° N, 29° E) - Egypt

FR | 23-06-2020 | 13962 (44° N, 3° E) - France

IN | 01-04-2023 | 28317 (17° N, 80° E) - India

IT | 04-08-2019 | 09365 (42° N, 12° E) - Italy

RS | 04-08-2019 | 09364 (17° N, 42° E) - Red Sea

US | 09-07-2023 | 29729 (36° N, 114° W) - Arizona
Table 4.1: Overview of the ten selected orbits used in the SISR

analyses, including their tag, acquisition date, orbit number, central

coordinates, and the corresponding central location. The orbits are

ordered alphabetically by their tag.

inability to perform row binning.

All radiance values in a single file are not equally
distributed on the geographical grids that characterise
them, particularly towards the swath’s edges where the
Earth’s curvature is most noticeable. In other words, the
resolution is not uniform across the pixels, but it is quite

comparable in the middle of the swath.

All radiance values in a single file are not defined in
a straight rectangular grid. As a result, latitudes are
not constant across-track and longitudes are not constant

along-track.

Different files (BDs) corresponding to the same orbit are
not defined on the same geographical grid, despite being

captured simultaneously by the sensors.

The correlation matrices between adjacent channels
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revealed consistent upward and downward peaks,
which could not be fully explained by the official
documentation (European Space Agency, 2022). These
peaks occurred at the same spectral channels across
different orbits, suggesting a possible link to instrument
calibration. Notably, only 2-4% of channels exhibited

negative peaks.

To overcome these limitations, we designed a preprocessing
pipeline aimed at producing consistent, spatially aligned
hyperspectral cubes for each orbit. The pipeline proceeds as

follows:

e All netCDF-4 files corresponding to a single orbit,
defined by acquisition date and overpass time, are read
simultaneously. The BD 1 file is excluded due to its poor

SNR and coarser spatial resolution.

e The radiance matrices are flipped along-track to account
for the satellite’s South-to-North flight direction. A
cross-track cropping is then performed to retain only
the region with spatial resolution better than or equal
to 8 km. Along-track cropping is also applied to restrict
the analysis to the area of interest centred on the location
specified in Table 4.1. Within this region, a row binning
factor of two is applied uniformly, except for the SWIR
DEM, for which no row binning is performed. In contrast,

the co-addition factor varies across channels.

e Values equal to the official fill value or lower than zero are
considered invalid. These values are estimated through
interpolation (Section 2.3.1.1) of the neighbouring pixels.
This step ensures the continuity of the dataset and avoids

artefacts.
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e Because the native grids of different BDs are not
coincident, straight and evenly spaced geographical grids
of resolution 3.5 x 5.5 km? are generated using the
latitude and longitude values provided in the metadata as
coordinates. All radiance values are resampled onto the
newly defined grids using MATLAB’s natural neighbour

interpolation.

e The resampled radiance matrices of all wvalid
channels — amounting to 3445 channels per orbit — are
then stacked along the spectral dimension, producing a
coherent three-dimensional cube with two spatial and
one spectral dimension for each orbit. This arrangement
guarantees that all subsequent analyses and SISR
experiments are performed on datasets that are both

spatially aligned and spectrally complete.

The whole preprocessing pipeline herein described is

summarised in the block diagram reported in Figure 4.1.

Orientation and cropping

BD1 file
BD2 file
BD3 file Liadiance cleaning Spatial alignment )
BD4 file
BD5 file
BDE6 file
BD7 file

BDS file l Image

Figure 4.1: The diagram illustrates the complete preprocessing workflow

applied to S5P Level-1b images, including all steps required to prepare

the data for subsequent analysis.

A false-colour representation of the employed orbits (Table 4.1)
is given in Figure 4.2. Each image is displayed using channels
3050, 2250, and 1700 for red, green, and blue, respectively.
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Figure 4.2: False-colour representation of all orbits indicated by their tag
(Table 4.1). The images are displayed using channels 3050 (red), 2250
(green), and 1700 (blue) and are ordered alphabetically.

4.1.2 Evaluation metrics for

super-resolution assessment

To assess the performance of the proposed PSF-aware SISR
method, a variety of quantitative quality metrics are employed.

These metrics are traditionally categorised, depending on

the availability of a GT image — a limitation discussed in
Section 2.3.2 — into full-reference and no-reference quality
metrics.

In the whole experimental evaluation of images, in order to
compute the metrics, the images were cropped by 15 pixels
around the edges so as to avoid border artefacts that could

bias the results.
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In this study, we evaluate super-resolved images H using a GT
image H with four full-reference metrics: peak signal-to-noise
ratio (PSNR), erreur relative globale adimensionnelle de
synthese (ERGAS)!, universal image quality index (UIQI), and
spectral angle mapper (SAM).

The peak signal-to-noise ratio (PSNR) is a pixel-based error
metric that expresses the ratio between the maximum possible
pixel value in H and its distortion from H. In this thesis,
the PSNR is consistently computed as the mean of the values

obtained for each channel.

where H, and ﬁc are the c-th of C' channels of H and
H, max(H.) is the maximum pixel value of H,, and
RMSE(H,, ﬁc) is the distortion between H,. and ﬁc in terms
of root mean square error (RMSE). The RMSE is defined as
the square root of the MSE (Equation 3.5). As lower values
of the MSE, and consequently of the RMSE, indicate better
performance, higher values of the PSNR, expressed in dB,

correspond to better image quality.

The erreur relative globale adimensionnelle de synthese
(ERGAS) (Wald, 2002) is a pixel-based error metric that
quantifies the normalised average error per spectral channel
¢ between H and H.

1 1
ERGAS(H,H) = 100 e > (

~ 2
RMSE(H,, HC)) 42
"

HH.

where pg, is the mean value of H.. A lower value of the
ERGAS indicates higher image quality.

'From the French is commonly translated as relative dimensionless

global error in synthesis.
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The universal image quality index (UIQI) (Wang and Bovik,
2002) is a structural similarity metric that combines loss
of correlation, luminance distortion, and contrast distortion
between H and ﬁ, represented, respectively, by the three terms
in Equation 4.3.

~ 1 OH.f. 2011, P, 204, og,
QH,H) = — E e L 5 (4.3)
C e onon, M tHg On o

c

where ox denotes the standard deviation of X, either H. or
HC, and oy g is the covariance between H. and H The
UIQI index ranges from -1 to 1, where 1 indicates perfect
similarity. Following the original paper on UIQI (Wang and
Bovik, 2002), since image quality is often spatially variant,
we apply Equation 4.3 to local regions of size w x w, with
w = 32, sliding pixel by pixel both horizontally and vertically
over the image. The overall UIQI is then computed as the mean
of all local values. To ensure numerical stability, following
previous works such as the research on structural similarity
index measure (SSIM) (Wang et al., 2004) — the successor
of UIQI — we introduce two small constants in Equation 4.3,

K, = Ky, = 107?, to avoid divisions by zero.

The spectral angle mapper (SAM) (Yuhas et al., 1992)
measures spectral similarity by computing the angle between
the spectral vectors of each pixel in the LR image L and
the corresponding pixel in the downsampled version of the
super-resolved image H with scaling ratio r, denoted as H e
The overall SAM is obtained as the average of these angles over

all pixels, providing a global measure of spectral agreement:
. 1 L.-H
SAM(L,H, ) = — Zarccos <Z—jl) , (4.4)
NS [ L[l Ay,

where L; is the value of the i-th pixel in the LR image L, H I

denotes the i-th pixel value of the downsampled version of the
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reconstructed image H with scaling ratio r, N is the number
of pixels in both images, and || - || denotes the Euclidean norm.

Values of SAM range from 0 (perfect spectral agreement) to .

In this thesis, the evaluation metrics are referred to as PSNR,
ERGAS, UIQI, and SAM in the text, and denoted by PSNR,
ERGAS, @, and SAM when reporting their numerical values
(e.g. in tables and plots).

4.1.3 Image quality assessment protocols

As regards image quality assessment, although the ideal
scenario involves access to a HR GT image, this is often
unfeasible in remote sensing, where the primary motivation
for SR approaches lies in the lack of HR imagery. To address
this, we adopted two complementary evaluation protocols
(Section 2.3.2): the RR protocol and the FR protocol.

As GT data are not available in our case, the reduced resolution
(RR) protocol is adopted (Section 2.3.2.1). Following the
protocol, the available LR image is down-scaled using the
acquisition model in Equation 2.4. The SISR algorithm is
then applied to super-resolve the down-scaled image back to
its original resolution, allowing the original LR image to serve

as a reference for quantitative evaluation.

The full resolution (FR) protocol is also considered, in
which the super-resolved output is assessed directly at the
original resolution without relying on a reference image
(Section 2.3.2.1). This protocol complements the RR
evaluation by providing an assessment of the model’s ability
to reconstruct high-frequency content in the absence of

scale-invariance assumptions.
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4.1.4 Experimental setting for

super-resolution evaluation

This section describes all configurations of the proposed S5Net
and its training strategies, as well as the benchmark approaches
and algorithms adopted to assess SISR performance on S5P

data in Section 4.2.

4.1.4.1 Ablation study of S5Net

Regarding S5Net, the architecture that gave the best results
and was therefore used in the experiments corresponds to the
parameter selection ny = ¢,ny = 64,n3 = 32, f; = 15, fo =
9, fs =5, f4 = 5, which reflects a common design choice.

Given the importance of the upsampling phase in SISR
techniques, an ablation study on SHNet was conducted focusing

on its transposed convolution layer in the first subsection of
Section 4.2.1.1.

In particular, a variant of S5Net without the initial
transposed convolution layer (S5Net_cubic) was trained and
evaluated under the same conditions, replacing the learned
upsampling with a fixed bicubic interpolation technique (see
Section 2.3.1.1).

4.1.4.2 Setup of benchmark approaches for

super-resolution

For comparative purposes, a non-blind deconvolution
reconstruction-based method (Section 2.3.1.2) was included
in the evaluation and thoroughly optimised. In particular, we
built on the approach proposed in (Eilers and Ruckebusch,
2022) in which regularization is employed to handle SISR

as a reverse problem, as already formalised in Equation 2.6.
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The Euclidean norm is used as the loss function £(-) and two

regularizations are also considered:

e A shrinking parameter p is used to weigh the norm of
the estimate h,.. However, this regularization alone can

easily result in Gibbs artefacts.

e To overcome the issue introduced by the first term,
a smoothing parameter A is used to weigh the prime
differences of the estimate (Eilers and Ruckebusch, 2022).

In short, the objective function is formalised as follows:
Q= |lc_SBC|2+M|BC|2+)‘|DBC|2> (4.5)

where |z| denotes the Euclidean norm of a generic vector
x and D is the matrix implementing the prime differences.
The solution h, is computed via an iterative algorithm, which
runs until either the residual norm falls below a threshold
0 or the maximum number of iterations is reached (Eilers
and Ruckebusch, 2022), specifically the conjugate gradient
algorithm (CGA) (Hestenes and Stiefel, 1952).

Two separate analyses were conducted to optimise this
benchmark approach: (i) tuning the parameters p and A in
the objective function (Equation 4.5); and (ii) testing different
initialization strategies for the starting image H. The threshold

parameter ¢ and the maximum number of iterations were set

accordingly.

A baseline bicubic interpolation method
(Section 2.3.1.1) (Aiazzi et al., 2013), the optimised
reconstruction-based  approach, and  four  DL-based

methods — mnamely, two CNNs, SRCNN (Dong et al,
2016a) and VDSR (Kim et al., 2016a), a residual network,
EDSR (Lim et al., 2017), and a pixel-attention network,
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PAN (Zhao et al., 2020) (Section 2.3.1.3) — were all
considered under the same experimental conditions and on the

same dataset as the proposed SHNet.

4.1.4.3 Training strategy and training data
preparation for S5Net

All experiments involving S5Net included a fine-tuning phase
to adapt the network to the S5P images in an image-specific
fashion. As discussed in Wang et al. (2021b) and Hosseiny
et al. (2024), many recent approaches, like the zero-shot
SR in Shocher et al. (2018), thus adopt online learning
strategies, where a pre-trained network is further refined on
a downsampled version of the image to be super-resolved,
assuming scale invariance. In line with this paradigm,
fine-tuning was performed independently for each test image

as specified in Section 3.2.1.2.

During this training phase, the same acquisition model used
in the RR assessment protocol was employed to generate
synthetic LR-HR training pairs. For FR protocol assessment,
the available image was used as the training target, and the
input was obtained via a single degradation using the chosen
scaling factor. For RR protocol evaluation, the available LR
image was used as the network output during testing, while
its degraded version was used as the input. This intermediate
image was also adopted as the training target, and the network
training input was generated via an additional degradation
step.

In both protocols, each spectral channel of the training image
is fine-tuned independently of the others. The convolutional
layers are trained for 2000 epochs, and when applicable an
additional phase of 1000 epochs is used for the transposed

convolutional layer. The total number of fine-tuning epochs
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per spectral channel is thus set to ¢s = 3000. The parameter d
in the loss function, whose role was explained in Section 3.2.1.2,
was set to d = 8. When applicable, this approach is referred
to as S5Net_all.

Preliminary evaluation with conventional supervised
training: The objective of the just described training
strategy is not to achieve cross-image generalization, but
to recover spatial details consistent with the instrument’s
degradation model. This image-specific fine-tuning ensures
that the reconstruction remains physically grounded and free
from biases introduced by external datasets. In order to
assess the generalization capability of the proposed network,
we perform a preliminary evaluation using simulated HR

references in Section 4.2.2.3.

In this setting, conventional supervised training is applied
on synthetically degraded images, providing a complementary
check on the network’s ability to recover fine-scale spatial
structures when a GT is available. The dataset is split into
training, validation, and test sets to ensure proper model
assessment. This test is intended solely as a verification and

does not replace the primary image-specific training protocol.

Effect of PSF knowledge in S5Net training: First,
a sensitivity analysis (see Section 4.2.2.2) evaluates the
robustness of S5Net to moderate mismatches between the
assumed and true PSF. Then, to investigate the role of
the knowledge of sensor-specific PSFs into the proposed
SISR model, two variants were considered for S5Net in
Section 4.2.2.4:

e SHNet_match, where the degradation filter to generate
the synthetic training image was derived from the gains

at the Nyquist frequency (Table 3.1) of the sensor-specific

100



CHAPTER 4. EXPERIMENTAL RESULTS

PSF model (as formalised in Section 3.1);

e SHNet_nomatch, where the filter was defined using fixed
symmetrical gains of 0.3, a common assumption in the

literature.

Managing dimensionality in the training process
of S5Net: For the dynamic multi-directional cascade
fine-tuning algorithm (S5Net_dynamic), the central channel
(¢ = C/2) was fine-tuned for iy = 3000 iterations. All
remaining channels (¢ # C'/2) were fine-tuned for i, iterations,
initialised from the model of the adjacent channel as formalised

in Equation 3.6.

Specifically, the linear fitting parameters m and ¢ were
estimated once from a static variant of the algorithm, in which
a fixed number of iterations per channel was adopted. For each
channel, the first epoch at which PSNR decreased by more
than 7 = 0.01 from its maximum was identified, yielding the
threshold %%'. These thresholds were then regressed against
1 — peetr1 to obtain m and g. The same configuration was
applied both to the full image (global SR, GSR) and to the
four DEM-based sub-images (DEM-wise SR, DSR). All results
reported in the third subsection of Section 4.2.3 refer to this

setup.

To assess the importance of the dynamic setting in
reducing the computational complexity (Section 2.3.2.2), the
proposed fine-tuning algorithm for S5HNet is benchmarked
against the baseline SHNet_all fine-tuning approach, as well
as two state-of-the-art approaches, (i) S5Net_ PCA, where
the image is decomposed into principal components via
PCA (Section 2.3.2.2), the first £k = 9 of which are
fine-tuned and super-resolved by the network, while the

remaining components are upscaled via bicubic interpolation
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(Section 2.3.1.1); and (ii) S5Net_static, which applies a static
fine-tuning strategy starting with ¢, = 3000 iterations on the
central channel, followed by ¢. = 75 iterations on all other
channels starting from the model of the adjacent channels.
In particular, we built upon the computationally efficient
fine-tuning methodology presented in Guarino et al. (2024),
where the number of iterations i. is statically set based on
the spectral distance between wavelengths. However, since the
channels of the S5P radiance images are uniformly distributed,
the number of iterations was kept fixed across all channels.
When possible, these benchmark approaches were applied both
in the GSR and DSR settings.

The number of principal components k£ in SHNet PCA, the
number of static iterations 7. in S5Net_static and the parameter
7 in SHNet_dynamic were all optimised to fairly compare all the

approaches.

4.1.5 Software and hardware environment

To ensure reproducibility, the software and hardware
environments used in the experiments are detailed. All
experiments involving neural networks were implemented in
PyTorch version 2.0.0 and executed on an NVIDIA GTX
1080 Ti GPU.

4.2 Assessment of PSF-aware
and spectrally scalable

super-resolution

In this section, we present a comprehensive evaluation of the

proposed PSF-aware SISR model and all algorithms employed
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for super-resolving SHP radiance imagery. We first optimise the
proposed approach, then we assess the impact of the derived
PSF (Section 3.1) on the performance of the PSF-aware SISR
model, and finally conduct a full evaluation of the SISR task
on S5P radiance imagery, including analyses of the proposed

fine-tuning algorithm.

4.2.1 Optimization of the proposed

super-resolution framework

In this section, we discuss the optimization, sensitivity

analyses, and ablation study of the proposed architecture.

4.2.1.1 Ablation study of the model

In this section, an ablation study is conducted on the proposed
PSF-aware SISR approach, namely SHNet, to assess the need
for its architectural components as described in Section 4.1.4.1.
For this analysis, we selected four representative channels
corresponding to the four DEMs in the S5P Level-1b
dataset — specifically, the first channel of the second BD for
each DEM — which we refer to as the respective DEM: UV,
UVIS, NIR, and SWIR.

In Table 4.2, the results of the ablation study are
presented for four monochromatic bands of the ten considered
orbits (Table 4.1) once averaged at a scaling ratio of
4. The RR protocol was applied for this analysis, and
performance was assessed using the UIQI (Equation 4.3),
ERGAS (Equation 4.2), and PSNR (Equation 4.1) metrics
(Section 4.1.2).

The network trained with the transposed convolution layer
(S5Net) consistently outperforms the version trained with

the bicubic interpolator (S5Net_cubic). More precisely, we
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Method Q t+ FERGAS | PSNR %
. | S5Net_cubic | 0.9145 0.9295 40.3332
= S5Net 0.9148  0.9279  40.3477
@ | S5Net_cubic | 0.9386 3.5691 35.5718
2 S5Net 0.9390 3.5657  35.5783
e= | S5Net_cubic | 0.9255 4.9705 34.5615
z S5Net 0.9257 4.9648  34.5669
5 | S5Net_cubic | 0.9061 3.7882 33.6397
% S5Net 0.9091  3.7317  33.7771
g S5Net_cubic | 0.9212 3.3143 36.0266
= S5Net 0.9222  3.2975  36.0675

Table 4.2: Performance of S5Net with the transposed convolution layer
(S5Net) and with the standard bicubic interpolator (S5Net_cubic) across
four monochromatic bands, averaged over the ten orbits listed in Table 4.1,
for a scaling ratio of 4. The best result in each sub-group is highlighted
in bold.

observe a notable improvement in every quality index, with
an average increase of +0.04 dB in terms of PSNR. This
confirms the importance of the transposed convolution layer,
which — unlike the static bicubic interpolator — learns its
weights during the training phase, thereby providing a decisive
advantage in the SISR task.

The most pronounced gains are observed for the SWIR band
(40.14 dB in terms of PSNR), where the ability of the learnable
upsampling layer proves particularly beneficial. This result
is likely influenced by the lower native spatial resolution
across-track of the SWIR channel, which makes it more reliant

on the upsampling step to recover fine details.
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4.2.1.2 Optimization of the fine-tuning algorithm

To optimise the proposed dynamic multi-directional cascade
fine-tuning algorithm (Section 3.2.2), we selected only one
entire preprocessed orbit (Section 4.1.1) in order to limit

computational complexity, namely IN (Table 4.1).

For the proposed dynamic multi-directional cascade fine-tuning
algorithm for S5Net (S5Net_dynamic), Table 4.3 reports
the resulting PSNR on the full reconstructed image using
S5Net_dynamic, where . is dynamically computed through
the parameters m and ¢ obtained for different threshold values
7 € {0.01,0.03,0.05}. Results are shown both for the image
considered as a whole (GSR) and for the image partitioned
according to the DEM (DSR). The S5Net_all case is used
here as a baseline. To reduce the computational load, a
subset of 102 spectral channels was uniformly sampled from the
entire preprocessed IN orbit to preserve the original channel
distribution. The analysis was conducted following the RR

protocol with a scaling ratio of 4.

In both the GSR and DSR scenarios, increasing the threshold
7 leads to a systematic decrease in the final PSNR, in line
with the corresponding reduction in the average number of
training epochs per channel. This confirms that an overly
aggressive criterion — induced by larger 7 values — can
negatively affect reconstruction quality. Since the resulting
number of epochs remains relatively low compared to S5Net_all
in all cases, the configuration corresponding to the highest
PSNR was selected, striking a favourable balance between
performance and computational efficiency. For this reason, we
selected 7 = 0.01.

In both cases, an attempt was made to exclude from the
analysis all points where the number of epochs was exactly

zero — that is, those for which the PSNR curve consistently
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Method 7 | PSNR 1 | Iterations
0.01 | 30.2585 30013
% S5Net_dynamic | 0.03 | 30.2350 25817
0.05 | 30.2232 23808
0.01 | 30.5416 55539
% S5Net_dynamic | 0.03 | 30.5328 33946
0.05 | 30.5283 26067

ShNetall | - [ 30.5933 | 306000 |

Table 4.3: PSNR scores and number of fine-tuning iterations achieved
by S5Net_dynamic for different threshold values 7 € {0.01,0.03,0.05}.
Results are reported for both the GSR and DSR scenarios. S5Net_all is
used as a baseline. The analysis employs 102 uniformly sampled spectral
channels from the IN image, with a scaling ratio of 4 under the RR
protocol. In the table, the best-performing model overall is highlighted
in bold, while the best-performing models for S5Net_dynamic in the GSR
and DSR cases are highlighted in italics.

worsened during training. This resulted in a gain of 0.062 dB
for the GSR scenario, and 0.004 dB for the DSR scenario in
terms of PSNR. Consequently, points with zero epochs were

excluded from the fitting procedure.

The resulting linear fittings for 7 = 0.01, excluding zero
points, between %% and the Pearson correlation coefficient
between the current channel ¢ and the adjacent channel ¢ + 1
(pecx1) for all considered channels ¢ € {1,...,C} in the image
(C' = 102) are shown in Figure 4.3 for both the GSR and DSR
scenarios. These fittings were used to derive the parameters m
and ¢, which are employed in S5Net_dynamic to dynamically
determine the number of training epochs i.. The parameters
representing the slope and intercept of the linear fittings are
m = 98.32 and ¢ = 7.71 for the GSR case, and m = 112.29

and g = 4.90 for the DSR case, respectively.

Most points are clustered on the left side of the plot because
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L2 .
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Figure 4.3: The figure shows scatter plots of the number of epochs i-01
at which S5Net_static exceeds a threshold corresponding to 1% below the
maximum PSNR value for each channel ¢, plotted against the residual
correlation between the current channel ¢ and its adjacent channel ¢ + 1
(i.e., 1 = pecx1). Linear fits for both the GSR and DSR scenarios are also
shown.

the correlations between adjacent channels are generally
high. A small percentage (2-4%) of channels show low
correlation values (points on the right), which, as discussed in
Section 4.1.1, is probably due to calibration issues. Despite
these outliers, a correlation exists between the residual
correlation 1 — p..4+; and the number of epochs 2% as
quantified by the Pearson correlation coefficients of 0.66 for
GSR and 0.73 for DSR. This validates and justifies the
derived dynamic rule for dynamically computing the number
of training epochs i..

Although the optimization of the dynamic rule was performed
on a single representative orbit (IN) and a uniform
channel sampling, this choice was guided by computational
considerations and supported by the observation that the
inter-channel correlation structure is consistent across orbits.
As shown in subsequent experiments (last subsection of
Section 4.2.3), the dynamic rule generalises effectively to the

whole set of channels and all orbits, confirming the robustness
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of the estimated parameters m and gq.

4.2.2 Evaluation of the impact of PSF

knowledge on super-resolution

In this section, we evaluate the impact of incorporating the
PSF knowledge — derived and analysed in Section 3.1 — in
the proposed approach for SISR of S5P radiance images.

First, the benchmark deconvolution-based approach, solved
through the CGA, is optimised to provide a consistent reference
for comparison. A sensitivity analysis is performed to evaluate
the robustness of the proposed S5Net framework to mismatches
between the assumed and true PSFs. Then, in order to
validate the effectiveness of the proposed S5Net framework,
we conducted a generalization capability analysis simulating
the presence of GTs. In the end, a comprehensive quantitative
and qualitative assessment is conducted using both RR and

FR protocols via the original image-specific training strategy.

All  the results are compared with state-of-the-art
methodologies to contextualize performance and

computational complexity.

For these preliminary validations of the model, we selected a
single representative channel for each of the four DEMs in the
whole dataset (Section 4.1.1). Specifically, we used the first
channel of the second BD from each DEM, which corresponds
to the central channel of the whole DEM, in accordance with
the results for the derivation of the PSFs in Section 3.1. This
resulted in four monochromatic images for each orbit: first
channel of either BD 2 (UV), BD 4 (UVIS), BD 6 (NIR), or
BD 8 (SWIR), for a total of 40 monochromatic images.
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4.2.2.1 Optimization of benchmark
deconvolution-based approach solved through
CGA

In this section, the deconvolution-based benchmark SISR
approach solved with the CGA is optimised as described in
Section 4.1.4.2.

As regards the first analysis, both x4  and A
(Equation 4.5) were varied over the discrete set
{0.00001, 0.0001, 0.001,0.01,0.1, 1, 100}. The averaged
PSNR values (Equation 4.1) — computed on the four
monochromatic images and subsequently averaged over all ten
orbits (Table 4.1) are reported in Figure 4.4 for scaling ratio
4. The RR protocol is employed. In the figure, all reported
PSNR values were raised to the power of v = 5 in order to
stretch the dynamic range of the visualised data. The values

of X\ and p are expressed on a logarithmic scale.

uv UVIS
e 4024 = 34.70

40.24 34.70

34.70 34.70 30.15 30.15

11.62 | | | |
10° o e 10° 07 g — 10°
T, 10 11.62 10 T 107
100 100 10 g 102 100 10
m A m A
NIR SWIR
33.71 33.64

33.71 33.64 =

29.48 29.15

18231

Figure 4.4: Averaged PSNR values (Equation 4.1) obtained
for the benchmark deconvolution-based approach solved with the
CGA by varying the parameters p and A over the discrete set
{0.00001, 0.0001, 0.001,0.01,0.1,1,100}. Results were computed on the
four monochromatic images and subsequently averaged over all ten orbits
(Table 4.1) for scaling ratio 4 and the RR protocol.

This analysis demonstrated that, when p varies in the interval
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[0.00001, 0.001], the values do not change significantly with any
value of A\ for UV, for values of A in the interval [0.00001, 1]
for SWIR, and for values {0.1,1} of A for UVIS and NIR. This
behaviour indicates that the method is generally insensitive to
variations of A within the considered range, provided that p
remains within [0.00001,0.001]. Such robustness is desirable,
as it reduces the need for tuning the parameters for each DEM.
Consequently, the values of © = 0.00005 and A = 0.1 were
selected to guarantee a stable and consistent behaviour across

all monochromatic images.

As for the second analysis, different initialization
strategies — namely nearest neighbour, bilinear, as in Eilers
and Ruckebusch (2022), bicubic, Lanczos, and 23-tap
interpolation (Section 2.3.1.1) — are compared under the
optimal setting of p = 0.00005 and A = 0.1. The PSNRs
obtained for each strategy are first averaged across the four
monochromatic images and then further averaged over the ten
considered orbits (Table 4.1). The final results, reported in
Table 4.4, refer to a scaling ratio of 4 and the RR protocol.

Initialization PSNR 1
Nearest neighbour | 34.6880

Bilinear 35.0829
Bicubic 35.1164
Lanczos 35.1183
23-tap 35.1325

Table 4.4: Comparison of different image interpolation methods used for
initialization in the deconvolution-based SISR framework, evaluated at a
scaling ratio of 4 under optimal parameters (u = 0.00005, A = 0.1) and
the RR protocol. For each method, the PSNR is averaged first across the
four monochromatic images and then across the ten orbits (see Table 4.1).
The bolded and underlined values indicate, respectively, the best and

second-best performing strategies.
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Among all tested interpolation strategies, 23-tap interpolation
achieves the best performance, surpassing even bilinear
interpolation — the approach originally adopted in the
reference  implementation of the deconvolution-based
method (Eilers and Ruckebusch, 2022). Based on these
results, 23-tap interpolation was selected as the preferred

initialization strategy for all subsequent analyses.

The threshold parameter was set to § = 0.0001 times the norm
of the LR image and the maximum number of iterations was

chosen to be equal to 200 to avoid a high temporal complexity.

4.2.2.2 Sensitivity analysis to PSF mismodeling

In practical scenarios, the exact sensor’s PSF may not be
perfectly known, and a certain degree of mismatch between
the assumed and the actual PSF is therefore expected. For
this reason, we evaluate the sensitivity of the proposed model
to PSF mismodeling by analysing how the reconstruction
performance varies when the PSF parameters used during

fine-tuning differ from those used to degrade the test images.

Specifically, we consider Gaussian PSFs with equal gains along
the two spatial directions and analyse the reconstruction PSNR
(Equation 4.1) obtained by our proposed S5Net when the gain
at the Nyquist frequency used for fine-tuning varies in the range
{0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9}, while the gain used to
degrade the test images is kept fixed. Three representative
cases are considered, corresponding to degradation gains at the
Nyquist frequency equal to 0.2, 0.4, and 0.6, whose results are
shown in Figure 4.5, Figure 4.6, and Figure 4.7, respectively.
The analysis is performed under the RR protocol with scaling
ratio 4. In each plot, every curve corresponds to a different
orbit for all ten orbits (Table 4.1), while the dashed red vertical

line marks the matching condition, i.e., when the gains used
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for degradation and fine-tuning coincide.
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Figure 4.5: Sensitivity of S5Net PSNR to PSF mismodeling for a
Nyquist-frequency gain of 0.2. PSNR is reported under the RR protocol
and scaling ratio 4 as a function of the fine-tuning gain (0.1-0.9). The
dashed red line marks the matching condition between degradation and

fine-tuning gains.

As expected, the highest PSNR values are achieved when the
assumed and actual PSF gains match. More importantly,
however, the curves exhibit a relatively flat region around
this optimal point in all three figures, indicating that
the reconstruction performance degrades only marginally for
moderate PSF mismatches. This behaviour suggests that the
proposed S5Net model is robust to small inaccuracies in the
PSF parameters used during fine-tuning. The presence of
this area of minimal sensitivity around the optimal gain is
particularly relevant in practical applications, where the true
sensor PSF may only be approximately known, yet the model

is still able to maintain high reconstruction fidelity.

4.2.2.3 Generalization capability evaluation

As discussed in Section 2.3.2.1, real HR references are
unavailable for S5P data, which precludes the use of

conventional computer vision training strategies. Nonetheless,
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Figure 4.6: Sensitivity of S5Net PSNR to PSF mismodeling for a
Nyquist-frequency gain of 0.4. PSNR is reported under the RR protocol
and scaling ratio 4 as a function of the fine-tuning gain (0.1-0.9). The
dashed red line marks the matching condition between degradation and

fine-tuning gains.

to demonstrate the importance of adapting the network
parameters to the specific acquisition sensor, without taking
into account the peculiarities of the individual image being
considered, we tested the generalization capability of the
proposed approach through synthetic HR-LR pairs obtained
by artificially degrading the available images.

Given the dataset of 10 S5P images (described in Table 4.1),
we performed a conventional training/validation/testing split
by generating five different combinations inspired by a

cross-validation logic, as follows:

1. Training on AG, CG, CS, EE, EG, and FR; validation
on IN and IT; and test on RS and US.

2. Training on AG, CG, RS, US, IN, and IT; validation on
CS and EE; and test on EG and FR.

3. Training on AG, CG, CS, EE, EG, and FR; validation
on RS and US; and test on IN and IT.
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Figure 4.7: Sensitivity of S5Net PSNR to PSF mismodeling for a
Nyquist-frequency gain of 0.6. PSNR is reported under the RR protocol
and scaling ratio 4 as a function of the fine-tuning gain (0.1-0.9). The
dashed red line marks the matching condition between degradation and

fine-tuning gains.

4. Training on IN, IT, RS, US, EG, and FR; validation on
AG and CG; and test on CS and EE.

5. Training on IN, IT, RS, US, CS, and EE; validation on
EG and FR; and test on AG and CG.

This procedure was repeated for three different scaling ratios
(i.e., 2, 3, and 4) and for the four selected spectral channels,
i.e., US, UVIS, NIR, and SWIR. Results were then averaged

across the five splits.

Tables 4.5-4.7 report the quantitative performance of S5Net
compared with the chosen baseline (bicubic interpolation) and
five state-of-the-art methods — deconvolution solved with
the CGA, once optimised, SRCNN (Dong et al., 2016a),
VDSR (Kim et al., 2016a), EDSR (Lim et al., 2017), and
PAN (Zhao et al., 2020) — in terms of the three selected image
quality metrics (Section 4.1.2), namely, UIQI (Equation 4.3),
ERGAS (Equation 4.2) and PSNR (Equation 4.1), across
all channels, respectively for the three scaling ratios. The

prediction time in seconds (s) is reported as well.
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Method | Q 1 FERGAS | PSNR 1| Time
Cubic 0.9503 4.8341 38.4310 | 0.0098
CGA 0.9556 4.9916 38.3793 | 1.1530

SRCNN | 0.9572 4.4810 39.0575 | 0.0860
VDSR | 0.9537 4.9223 38.3349 | 0.0165
EDSR 0.9402 5.7815 37.1389 | 0.0320
PAN 0.9403 5.7561 37.1667 | 0.0283
S5Net 0.9623 4.1775 39.5788 | 0.0050

Table 4.5: Quantitative evaluation of the generalization capability of the
proposed SR methodology with a scaling factor of 2. S5Net is trained
using five distinct train/validation/test combinations (as described in
Section 4.2.2.3), and the reported values correspond to the average of
the four monochromatic channels over all resulting test sets. The best
overall result for each metric is highlighted in bold, while the second-best

is underlined.

As shown in Tables 4.5-4.7, S5Net consistently achieves the
best performance across all image quality metrics and for
all three scaling ratios. The improvement is evident when
compared not only with the baseline (bicubic interpolation)
but also with all five state-of-the-art methods considered in
this study.

For a scaling factor of 2, SHNet attains the highest values of
UIQI and PSNR (0.96 and 39.58 dB, respectively), and the
lowest ERGAS (4.18), outperforming the second-best method
(SRCNN) by a clear margin. Similar behaviour is observed
for a scaling factor of 3: S5Net again ranks first in every
metric, with a PSNR gain of approximately 0.37 dB over
VDSR. The trend persists for the most challenging setting,
scale 4 (Table 4.7), where S5Net achieves a PSNR of 36.19 dB,
exceeding the second-best method by more than 0.27 dB, and
obtains both the highest UIQI (0.92) and the lowest ERGAS
(3.25).
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Method | @ T FERGAS | PSNR 1| Time
Cubic 0.9248 4.1364 36.5157 0.0111
CGA 0.9298 4.3872 36.1950 | 13.8307

SRCNN | 0.9337 3.9139 36.9758 | 0.1719
VDSR | 0.9349 3.8732 37.0512 | 0.0179
EDSR | 0.9334 3.9455 36.9273 | 0.0296
PAN 0.9342 3.8820 37.0288 | 0.0290
S5Net 0.9414 3.6885 37.4180 | 0.0048

Table 4.6: Quantitative evaluation of the generalization capability of the
proposed SR methodology with a scaling factor of 3. S5Net is trained
using five distinct train/validation/test combinations (as described in
Section 4.2.2.3), and the reported values correspond to the average of
the four monochromatic channels over all resulting test sets. The best
overall result for each metric is highlighted in bold, while the second-best

is underlined.

These results highlight that the advantage of S5Net is
not restricted to a specific scale or metric: the network
consistently exhibits stable and superior performance across
all experimental configurations. This confirms that, when
embedded in a conventional supervised framework, S5Net
has a good generalization ability and is able to capture and
reconstruct fine-scale spatial structures that other externally

supervised deep networks fail to recover.

Some super-resolved images are shown in Figures 4.8 and 4.9.
The figures present false-colour representations using the
SWIR, NIR, and UVIS monochromatic images mapped to red,
green, and blue channels, respectively. They both include
the GT image, the outputs of three representative benchmark
methods — mnamely, bicubic interpolation, SRCNN (Dong
et al., 2016a), and PAN (Zhao et al., 2020) — and the results
of our S5Net for a scaling ratio of 4. All ten orbits (Figure 4.2)
are shown, in particular IN, US, EG, RS, and CS are shown in
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Method | @ T FERGAS | PSNR 1T Time
Cubic 0.9038 3.5645 35.4515  0.0235
CGA 0.9109 3.7940 35.1325  2.1539

SRCNN | 0.9138 3.4052 35.8312  0.0398
VDSR | 0.9147 3.3681 35.9058  0.0274
EDSR | 0.9077 3.6263 35.3821  0.0269
PAN 0.9074 3.6139 35.4060  0.0225
S5Net 0.9234 3.2481 36.1855 0.0051

Table 4.7: Quantitative evaluation of the generalization capability of the
proposed SR methodology with a scaling factor of 4. S5Net is trained
using five distinct train/validation/test combinations (as described in
Section 4.2.2.3), and the reported values correspond to the average of
the four monochromatic channels over all resulting test sets. The best
overall result for each metric is highlighted in bold, while the second-best

is underlined.

Figure 4.8 and AG, EE, FR, IT, and CG are shown Figure 4.9,
with a 128 x 128 pixel region, selected to highlight differences

in pixel-level reconstruction quality.

By inspecting Figures 4.8 and 4.9, it becomes evident that,
across all orbits, S5Net delivers visibly sharper and more
faithful reconstructions, particularly noticeable along complex
edge structures such as coastlines. Examples include the
Caspian Sea and the Red Sea in the CS and RS orbits,
respectively, the Italian coastline in I'T, and the Gulf of Mexico
in US. The precise delineation of these contours emphasises
the method’s superior ability to recover spatial details that
remain challenging for other approaches. Bicubic interpolation
produces overly smoothed outputs, with fine structures largely
suppressed, whereas state-of-the-art DL methods such as
PAN (Zhao et al., 2020) yield a softer, blended appearance
and still exhibit residual blur, especially around high-frequency

transitions.

117



4.2. ASSESSMENT OF PSF-AWARE AND SPECTRALLY
SCALABLE SUPER-RESOLUTION

Figure 4.8: False-colour visualisation of super-resolved images for IN, US,
EG, RS, and CS orbits for scaling ratio 4 used to assess generalization
capability. The red, green, and blue channels correspond to the SWIR,
NIR, and UVIS monochromatic bands, respectively. For each orbit, a
128 x 128 pixel crop is shown to highlight local reconstruction differences.
From left to right: the GT, the output of bicubic interpolation,
SRCNN (Dong et al., 2016a), PAN (Zhao et al., 2020), and our S5Net.
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Figure 4.9: False-colour visualisation of super-resolved images for AG,
EE, FR, IT, and CG orbits for scaling ratio 4 used to assess generalization
capability. The red, green, and blue channels correspond to the SWIR,
NIR, and UVIS monochromatic bands, respectively. For each orbit, a
128 x 128 pixel crop is shown to highlight local reconstruction differences.
From left to right: the GT, the output of bicubic interpolation,
SRCNN (Dong et al., 2016a), PAN (Zhao et al., 2020), and our S5Net.
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It is important to emphasise that this evaluation relies on
artificially generated HR-LR pairs and, therefore, cannot
be replicated in operational scenarios where the GT is
unavailable. Nevertheless, these results provide a quantitative
and qualitatively demonstration that, if HR references were
accessible, ShNet would outperform state-of-the-art methods
and maintain its effectiveness across different scaling ratios
and channels. This analysis complements the image-specific
experiments described in the following sections, providing
further evidence of the network’s robustness and adaptability

to the unique characteristics of SH5P imagery.

4.2.2.4 Non-supervised super-resolution performance

evaluation

This section evaluates the performance of the proposed S5HNet
in the image-specific, non-supervised training configuration.
The analysis is structured into two components. First, the
performance of the proposed SISR model is assessed at reduced
resolution, enabling a controlled evaluation against known
reference data. Then, the method is tested at full resolution on
real SHP imagery to characterise its behaviour under real-world

conditions.

Reduced resolution assessment: The quantitative
evaluation of the impact of PSF knowledge on the proposed
SISR method (S5Net) at RR is presented in Tables 4.8-4.10
for scaling factors of 2, 3, and 4, respectively. For each
factor, the evaluation includes three selected image quality
metrics (Section 4.1.2), namely, UIQI (Equation 4.3), ERGAS
(Equation 4.2) and PSNR (Equation 4.1). The prediction
time in seconds (s) is reported as well. Results are reported

as averages over the four monochromatic images, aggregated
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across all orbits listed in Table 4.1.
The performance of our PSF-aware S5Net (ShNet_match) was

compared to its PSF-unaware counterpart, as described in
Section 4.1.4.3, to the chosen baseline (bicubic interpolation)
and five state-of-the-art methods — deconvolution solved with
the CGA, once optimised, SRCNN (Dong et al., 2016a),
VDSR (Kim et al., 2016a), EDSR (Lim et al., 2017), and
PAN (Zhao et al., 2020).

Method Q t FRGAS | PSNR 1| Time
Cubic 0.9503 4.8341 38.4310 | 0.0098
CGA 0.9556 4.9916 38.3793 | 1.1530
SRCNN 0.9572 4.4810 39.0575 | 0.0860
VDSR 0.9537 4.9223 38.3349 | 0.0165
EDSR 0.9402 5.7815 37.1389 | 0.0320
PAN 0.9403 5.7561 37.1667 | 0.0283

SHNet_nomatch | 0.9565 4.7283 38.7048 | 0.0062
SbNet_match | 0.9599 4.3149 39.3077 | 0.0058

Table 4.8: Quantitative evaluation of the effect of PSF knowledge for
our proposed SR methodology at RR with a scaling factor of 2. Quality
metrics are reported for the average of the four monochromatic images
averaged over all test orbits. The overall best result is highlighted in bold,
while the second-best result is underlined for all image quality metrics.

As can be observed in Tables 4.8-4.10, there is a general
tendency for the proposed method to outperform all
the presented state-of-the-art approaches, including both
well-established and more recent ones in the field. Notably,
while the performance naturally degrades as the SR ratio
increases — due to the increasing ill-posedness of the inverse
problem (Section 2.3.1) — our method consistently maintains
a clear advantage across all tested scaling ratios.  This

confirms its robustness and generalization capability, even

121



4.2. ASSESSMENT OF PSF-AWARE AND SPECTRALLY
SCALABLE SUPER-RESOLUTION

Method Q@ 1t FERGAS | PSNR 1| Time
Cubic 0.9248 4.1364 36.5157 0.0111
CGA 0.9298 4.3872 36.1950 | 13.8307
SRCNN 0.9337 3.9139 36.9758 0.1719
VDSR 0.9349 3.8732 37.0512 0.0179
EDSR 0.9334 3.9455 36.9273 0.0296
PAN 0.9342 3.8820 37.0288 0.0290

S5Net_nomatch | 0.9338 4.1831 36.5750 0.0055
S5Net_match | 0.9395 3.7459 37.2971 | 0.0053

Table 4.9: Quantitative evaluation of the effect of PSF knowledge for
our proposed SR methodology at RR with a scaling factor of 3. Quality
metrics are reported for the average of the four monochromatic images
averaged over all test orbits. The overall best result is highlighted in bold,
while the second-best result is underlined for all image quality metrics.

in more demanding scenarios where fine details need to be
reconstructed from increasingly degraded observations. The
progressive drop in absolute performance with higher ratios is
expected and reflects the intrinsic difficulty of reconstructing
details from LR images; however, the relative performance
gain with respect to the baseline and state-of-the-art
methods remains evident, highlighting the effectiveness of our

PSF-aware modelling approach.

Furthermore, as the reported results suggest, when developing
a SR technique, the proper design of the PSF used to generate
the simulated dataset is crucial. This necessity arises from the
fact that the PSF formalises the physical processes involved in
image acquisition, as discussed in Section 2.2. Consequently,
if image acquisition is not accurately simulated, the resulting
inverse problem becomes significantly more challenging,
potentially leading to misleading solutions (Section 2.3.1).

This issue becomes particularly critical when satellite images
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Method Q@ 1 FERGAS | PSNR 1T Time
Cubic 0.9038 3.5645 35.4515  0.0235
CGA 0.9109 3.7940 35.1325  2.1539
SRCNN 0.9138 3.4052 35.8312  0.0398
VDSR 0.9147 3.3681 35.9058  0.0274
EDSR 0.9077 3.6263 35.3821  0.0269
PAN 0.9074 3.6139 35.4060  0.0225

SHNet_nomatch | 0.9162 3.6529 35.3972  0.0052
S5Net_match | 0.9222 3.2975 36.0675 0.0043

Table 4.10: Quantitative evaluation of the effect of PSF knowledge for
our proposed SR methodology at RR with a scaling factor of 4. Quality
metrics are reported for the average of the four monochromatic images
averaged over all test orbits. The overall best result is highlighted in bold,

while the second-best result is underlined for all image quality metrics.

are employed for quantitative analyses, where each pixel value
carries meaningful physical information. This is especially
true for S5P radiance data, which are used to generate highly

accurate air pollution maps.

We also want to underline that the distinction between
PSF-aware and PSF-unaware scenarios — typically overlooked
in the literature (Sdraka et al., 2022) — becomes especially
evident after i; = 3000 epochs of fine-tuning for each channel.
It is crucial that the simulated data remain consistent with
the real data used for inference, in order to ensure reliable
evaluation. This aspect becomes even more relevant in the case
of S5P, where the gain at the Nyquist frequency (Table 3.1)
tends to deviate significantly from the commonly assumed
value (i.e., 0.3), particularly for the UVIS and NIR DEMs.
This highlights the need for precise sensor-specific modelling
of the PSFs to avoid introducing errors in the subsequent SR

and downstream tasks, such as atmospheric pollutants retrieval
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and monitoring.

An average gain of approximately 0.67 dB in terms of PSNR
is achieved by properly integrating PSF knowledge into the
S5Net model. This improvement is consistently observed across
all monochromatic images and orbits (see Table 4.1 for details
on the considered orbits), as illustrated in Figure 4.10 for the
IN, US, EG, RS, and CS orbits, and in Figure 4.11 for the
AG, EE, FR, IT, and CG orbits. These figures display the
arctangent of the difference between the MSE (Equation 3.5)
maps obtained with the PSF-unaware (S5Net_nomatch) and
PSF-aware (SbNet_match) configurations, for a scaling factor
of 4 and an area of 128 x 128 pixels of the original image
(Figure 4.2). The same colour scale is used across all maps.
Green regions indicate where the PSF-aware approach achieves
lower reconstruction error. This behaviour is consistent across
different scaling factors; maps for scaling ratios 2 and 3 are
therefore omitted here for brevity. These visual findings
are corroborated by the PSNR (Equation 4.1) and ERGAS
(Equation 4.2) values reported in Table 4.10, both of which
are directly related to the MSE.

As can be observed in Figures 4.10 and 4.11, the performance
difference between the two configurations is less pronounced
when the filters involved exhibit similar PSFs.  This is
particularly evident for the UV detector, where the filters used
in the PSF-aware and PSF-unaware scenarios display nearly
identical gains at the Nyquist frequency, resulting in minimal
differences across the corresponding maps. A similar behaviour
is observed for the SWIR DEM, although less markedly, due
to the minimal mismatch in gains and the correspondingly
reduced improvement in the maps. In contrast, for the UVIS
and NIR DEMs, the gains at the Nyquist frequency in the
PSF-aware configuration differ greatly from those typically
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Figure 4.10: Arctangent of the difference between the MSE (Equation 3.5)
maps obtained with the PSF-unaware (S5Net_nomatch) and PSF-aware
(S5Net_match) configurations, for a scaling factor of 4. Each row
corresponds to one of five orbits, either IN, US, EG, RS, or CS, while the
four columns represent the spectrally aligned monochromatic images (UV,
UVIS, NIR, SWIR) over the same 128 x 128 pixels. Green tones indicate

regions where the PSF-aware approach achieves lower reconstruction
€error.
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Figure 4.11: Arctangent of the difference between the MSE (Equation 3.5)
maps obtained with the PSF-unaware (S5Net_nomatch) and PSF-aware
(S5Net_match) configurations, for a scaling factor of 4. Each row
corresponds to one of five orbits, either AG, EE, FR, IT, or CG, while the
four columns represent the spectrally aligned monochromatic images (UV,
UVIS, NIR, SWIR) over the same 128 x 128 pixels. Green tones indicate

regions where the PSF-aware approach achieves lower reconstruction
error.
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assumed in state-of-the-art SR models, i.e., 0.3 in both
directions. This discrepancy results in a notable reduction
of reconstruction error in several regions, as highlighted by
the more extensive green areas in the maps in Figures 4.10
and 4.11. Overall, the results consistently confirm the superior
performance of the PSF-aware configuration, reinforcing the
conclusion that explicitly modelling and integrating the actual
sensor-dependent PSF leads to improved image quality across

all monochromatic images and orbits.

Some super-resolved images are shown in Figure 4.12 and 4.13.
The figures present false-colour representations using the
SWIR, NIR, and UVIS monochromatic images mapped to red,
green, and blue channels, respectively. They both include
the GT image, the outputs of two representative benchmark
methods — namely, bicubic interpolation and SRCNN (Dong
et al., 2016a) — and the results of the PSF-unaware S5Net
(SbNet_nomatch) and the PSF-aware S5Net (S5Net_match) for
a scaling ratio of 4. All ten orbits (Table 4.1) are shown, in
particular IN, US, EG, RS, and CS are shown in Figure 4.12
and AG, EE, FR, IT, and CG are shown Figure 4.13, with
the same 128 x 128 pixel region selected for Figure 4.10 and
Figure 4.11 to highlight differences in pixel-level reconstruction
quality.

A qualitative comparison clearly shows that S5Net generally
yields visually superior results, not only in comparison with
bicubic interpolation, which tends to produce overly smooth
and blurred images, but also with respect to the SRCNN (Dong
et al., 2016a) state-of-the-art SR method. S5Net is able
to better preserve details, edges, and patterns, leading to
sharper reconstructions across all representative orbits. This
improvement is particularly evident in textured areas, where
both the interpolated and SRCNN outputs show a visible
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S5Net_match

Figure 4.12: False-colour visualisation of super-resolved images for IN, US,
EG, RS, and CS orbits for scaling ratio 4 at RR. The red, green, and blue
channels correspond to the SWIR, NIR, and UVIS monochromatic bands,
respectively. For each orbit, a 128 x 128 pixel crop is shown to highlight
local reconstruction differences. From left to right: the GT, the output of
bicubic interpolation, SRCNN (Dong et al., 2016a), PSF-unaware S5Net
(S5Net_nomatch), and PSF-aware S5Net (S5Net_match).
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SRCNN S5Net_nomatch S5Net_match

Figure 4.13: False-colour visualisation of super-resolved images for
AG, EE, FR, IT, and CG orbits for scaling ratio 4 at RR. The red,
green, and blue channels correspond to the SWIR, NIR, and UVIS
monochromatic bands, respectively. For each orbit, a 128 x 128 pixel
crop is shown to highlight local reconstruction differences. From left
to right: the GT, the output of bicubic interpolation, SRCNN (Dong
et al., 2016a), PSF-unaware S5Net (S5Net_nomatch), and PSF-aware
S5Net (S5Net_match).
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loss of definition — for example, along the Nile River in
the EG section, at the coastlines of the Caspian Sea and
the Gulf of Mexico in the CS and US patches, respectively,
and at the coastlines of the Mediterranean sea in the AG
patches. These visual observations confirm the benefit
of incorporating sensor-specific PSF information into the
reconstruction process. While the difference between the
PSF-aware and PSF-unaware variants of ShNet (S5Net_match
vs. SbHNet_nomatch) is not always immediately perceptible,
it becomes evident along certain edges — especially in regions
where land meets water — where S5Net_match more accurately
preserves edge sharpness. However, per-channel pixel-wise
differences are better highlighted for all orbits in Figure 4.10
and Figure 4.11, which provide a more direct proof of the

discrepancies introduced by neglecting the sensor’s PSF.

To further highlight differences in pixel-level reconstruction
quality and to analyse the spatial distribution of the
reconstruction error produced by the proposed framework,
Figures 4.14 and 4.15 are reported. Each figure includes
the GT images, the outputs of a representative benchmark
method — namely, SRCNN (Dong et al., 2016a) — the SSIM
(see Section 4.1.2) maps computed between the SRCNN results
and the corresponding GT images (averaged over the three
monochromatic channels used in the false-colour visualization,
i.e., SWIR, NIR, and UVIS), the reconstruction obtained
with the proposed PSF-aware S5Net (S5Net_match), and the
corresponding SSIM maps computed between S5Net_match
and the GT images, again averaged over the same three
monochromatic channels. All ten orbits listed in Table 4.1
are shown: in particular, the IN, US, EG, RS, and CS orbits
are reported in Figure 4.14, whereas the AG, EE, FR, IT,
and CG orbits are shown in Figure 4.15. For each orbit, the
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same 128 x 128 pixel region selected in Figures 4.12 and 4.13
is displayed in order to highlight differences in pixel-level

reconstruction quality.

The SSIM maps are visualised using a colour scale ranging
from red (low SSIM, indicating poorer reconstruction quality)
to blue (high SSIM, indicating higher structural similarity with
the GT image). Consequently, darker colours correspond to
lower reconstruction accuracy. When analysed individually,
the maps exhibit typical and spatially coherent patterns.
In particular, higher SSIM values are generally observed
over homogeneous regions, whereas lower values are mainly
concentrated along sharp spatial transitions and highly
textured areas. These regions include coastlines (e.g., in IN,
US, RS, CS, AG, FR, and IT), river boundaries such as
along the Nile in EG, and desert areas with strong spatial
variability (e.g., in EG and AG). This behaviour is expected, as
such structures contain high-frequency spatial information that

makes the reconstruction task inherently more challenging.

Although the overall spatial patterns are similar, a closer
inspection reveals consistent qualitative differences between
SRCNN and the proposed PSF-aware method (S5Net_match),
particularly along sharp boundaries. In the first set of orbits
(IN, US, EG, RS, and CS) in Figure 4.14, clearer differences
can be observed along the coastlines, especially in the IN, US,
and CS scenes. In these areas, the SSIM maps associated
with SHNet_match appear noticeably lighter, with reduced
dark blue regions along the coastal edges, indicating improved
reconstruction of sharp transitions. A similar behaviour can
be observed in the second set of orbits (AG, EE, FR, IT, and
CG) in Figure 4.15. In particular, in AG, FR, and IT the sea
areas close to the coastline appear significantly lighter in the
SSIM maps of S5Net_match compared to SRCNN, suggesting
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Figure 4.14: GT images, reconstructions obtained with SRCNN (Dong
et al., 2016a) and with the proposed PSF-aware method (S5Net_match),
and the corresponding SSIM maps for the IN, US, EG, RS, and CS orbits
at RR with scaling ratio 4. The SSIM maps are computed between
each reconstruction and the corresponding GT image, averaging over
the SWIR, NIR, and UVIS monochromatic bands. For each orbit, a
128 x 128 pixel crop is shown to highlight the spatial distribution of

the reconstruction quality.
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Figure 4.15: GT images, reconstructions obtained with SRCNN (Dong
et al., 2016a) and with the proposed PSF-aware method (S5Net_match),
and the corresponding SSIM maps for the AG, EE, FR, IT, and CG
orbits at RR with scaling ratio 4. The SSIM maps are computed between
each reconstruction and the corresponding GT image, averaging over
the SWIR, NIR, and UVIS monochromatic bands. For each orbit, a
128 x 128 pixel crop is shown to highlight the spatial distribution of
the reconstruction quality.
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that the proposed method is better able to preserve fine spatial
structures and accurately reconstruct the land-sea boundaries.
This effect is particularly evident in some scenes, such as RS
and CS in Figure 4.14, and IT in Figure 4.15, where the
dark red areas, i.e., those characterised by lower similarity,
appear less extended for S5Net_match, resulting in visibly fewer

regions with low SSIM values in the corresponding maps.

Overall, all the quantitative and qualitative observations
indicate that the proposed PSF-aware model (S5Net_match)
achieves a more accurate reconstruction of fine spatial

structures compared to the benchmark methods.

Full resolution assessment: It was seen in the previous
paragraph that a good modelling of the PSF can significantly
improve all SR techniques that depend on it. When there is

no GT image available, this is even more vital.

To ensure that the numerical results were not biased by
the matching acquisition procedure required in the RR
protocol for the S5Net approach, we also validated the
integration of PSF knowledge into the SISR method against its
PSF-unaware counterpart, as well as the same baseline (bicubic
interpolation) and state-of-the-art methods — deconvolution
solved with the CGA, once optimised, SRCNN (Dong et al.,
2016a), VDSR (Kim et al., 2016a), EDSR (Lim et al., 2017),
and PAN (Zhao et al., 2020) — under the FR protocol.

We assess the consistency between the super-resolved
images — once downsampled using the corresponding scaling
factor — and the available LR images in terms of PSNR
(Equation 4.1) and UIQI (Equation 4.3) metrics, which both
provide reference-based measures of either pixel-based fidelity

or structural similarity, respectively.

Tables 4.11-4.13 provide the metrics of all methods averaged
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over the four monochromatic images and overall the ten orbits
(Table 4.1) for scaling ratios of 2, 3, and 4, respectively. The

time in seconds taken by each algorithm is shown too.

Method Q@ 1t PSNR 1| Time
Cubic 0.9881  46.0345 | 0.0235
CGA 0.9932  46.6522 | 2.1539

SRCNN 0.9943  49.4262 | 0.0398
VDSR 0.9912  45.7261 | 0.0274
EDSR 0.9837  42.7888 | 0.0269
PAN 0.9832  42.7397 | 0.0225

S5Net_nomatch | 0.9944  48.2065 | 0.0052
S5Net_match | 0.9956 50.3144 | 0.0043

Table 4.11: Quantitative evaluation of the effect of PSF knowledge for
our proposed SR methodology at FR with a scaling factor of 2. Quality
metrics are reported for the average of the four monochromatic images
averaged over all test orbits. The overall best result is highlighted in bold,

while the second-best result is underlined for all image quality metrics.

As expected, and similarly to what was observed for the RR
protocol, increasing the scaling ratio leads to a degradation in
the metrics, due to the increased difficulty in reconstructing

the image.

Our model consistently outperforms the benchmark methods
in terms of pixel-wise consistency with the LR image, as
demonstrated by systematically higher PSNR and UIQI values.
Moreover, the PSF-aware S5Net provides a clear advantage
over its PSF-unaware counterpart across all scaling ratios,
with an average gain of 4+3.32 dB in terms of PSNR. This
confirms that incorporating the PSF into the training process
enhances the alignment between the reconstructed and original
observations, even when the reference image is not available,

i.e., in real-world scenarios. The pixel-wise consistency with
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Method @ 1T PSNR 1| Time
Cubic 0.9880  45.9823 | 0.0235
CGA 0.9911  45.6840 | 2.1539

SRCNN 0.9945  49.7398 | 0.0398
VDSR 0.9948  50.0822 | 0.0274
EDSR 0.9948  49.3014 | 0.0269
PAN 0.9942  49.4399 | 0.0225

SHNet_nomatch | 0.9948  48.0161 | 0.0052
SbNet_match | 0.9967 51.6872 | 0.0043

Table 4.12: Quantitative evaluation of the effect of PSF knowledge for
our proposed SR methodology at FR with a scaling factor of 3. Quality
metrics are reported for the average of the four monochromatic images
averaged over all test orbits. The overall best result is highlighted in bold,

while the second-best result is underlined for all image quality metrics.

the LR inputs is particularly crucial for applications where

accurate pixel-level reconstruction is fundamental.

Some super-resolved images are displayed in Figures 4.16-4.20.
As seen for the RR protocol, all figures use false-colour
representations, with the SWIR, NIR, and UVIS
monochromatic images mapped to the red, green, and
blue channels, respectively. Each figure includes the outputs
of two representative benchmark methods — namely, bicubic
interpolation and SRCNN (Dong et al., 2016a) — as well as
the results produced by the PSF-unaware (S5Net_nomatch)
and PSF-aware (ShNet_match) versions of the proposed S5Net
for a scaling ratio of 4. Two of the ten orbits are displayed in
each figure. For every orbit, a 512 x 512 pixel region of the
original image (Figure 4.2) is shown in the first row, while a
128 x 128 pixel region from the same orbit is shown in the
second row. The reduction in area corresponds to the chosen

scaling ratio and is introduced to enable a more detailed
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Method Q@ 1t PSNR 1| Time
Cubic 0.9880  45.9750 | 0.0235
CGA 0.9908  45.5820 | 2.1539

SRCNN 0.9934  49.1493 | 0.0398
VDSR 0.9940  49.8600 | 0.0274
EDSR 0.9913  45.1644 | 0.0269
PAN 0.9910  45.8883 | 0.0225

S5Net_nomatch | 0.9933 46.7525 | 0.0052
S5Net_match | 0.9960 50.9220 | 0.0043

Table 4.13: Quantitative evaluation of the effect of PSF knowledge for
our proposed SR methodology at FR with a scaling factor of 4. Quality
metrics are reported for the average of the four monochromatic images
averaged over all test orbits. The overall best result is highlighted in bold,

while the second-best result is underlined for all image quality metrics.

assessment of the reconstruction quality. The 512 x 512

regions match those presented in Figures 4.12 and 4.13.

The qualitative comparison for the FR protocol in
Figures 4.16-4.20 highlights the importance of visual
analysis in this setting, since the absence of a GT prevents
the metrics alone from fully capturing the differences between
methods. In particular, our proposed SISR approach, SHNet,
produces reconstructions that are visibly sharper and more
faithful than those obtained with bicubic interpolation or
SRCNN (Dong et al., 2016a). This advantage is particularly
evident in the 128 x 128 pixel crops, which are specifically
selected to highlight such differences. Clear improvements
can be observed along fine geographical structures, such as
the Italian, French, and Algerian coasts (IT, FR, AG), the
Nile river in Egypt (EG), the coastline of India (IN), the
shores of the Gulf of Mexico (US), and the contours of the
Caspian Sea (CS) and the Red Sea (RS). These findings
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SRNN SSNet_nomatch

SSNetmatch

Figure 4.16: False-colour visualisation of super-resolved images for IN
and US orbits for scaling ratio 4 at FR. The red, green, and blue
channels correspond to the SWIR, NIR, and UVIS monochromatic bands,
respectively. For each orbit, a 512 x 512 pixel crop and a 128 x 128
pixel crop are shown in the first and second rows, respectively. From
left to right: the output of bicubic interpolation, SRCNN (Dong et al.,
2016a), PSF-unaware S5Net (S5Net_nomatch), and PSF-aware S5Net
(S5Net_match).
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Cubic SRCNN SS5Net_nomatch SS5Net_match

Figure 4.17: False-colour visualisation of super-resolved images for RS
and CS orbits for scaling ratio 4 at FR. The red, green, and blue
channels correspond to the SWIR, NIR, and UVIS monochromatic bands,
respectively. For each orbit, a 512 x 512 pixel crop and a 128 x 128
pixel crop are shown in the first and second rows, respectively. From
left to right: the output of bicubic interpolation, SRCNN (Dong et al.,
2016a), PSF-unaware S5Net (S5Net_nomatch), and PSF-aware S5Net
(S5Net_match).
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SRCNN SS5Net_nomatch SS5Net_match

Figure 4.18: False-colour visualisation of super-resolved images for EG
and AG orbits for scaling ratio 4 at FR. The red, green, and blue
channels correspond to the SWIR, NIR, and UVIS monochromatic bands,
respectively. For each orbit, a 512 x 512 pixel crop and a 128 x 128
pixel crop are shown in the first and second rows, respectively. From
left to right: the output of bicubic interpolation, SRCNN (Dong et al.,
2016a), PSF-unaware S5Net (S5Net_nomatch), and PSF-aware S5Net
(S5Net_match).
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Cubic SRCNN S5Net_nomatch S5Net_match

Figure 4.19: False-colour visualisation of super-resolved images for EE
and CG orbits for scaling ratio 4 at FR. The red, green, and blue
channels correspond to the SWIR, NIR, and UVIS monochromatic bands,
respectively. For each orbit, a 512 x 512 pixel crop and a 128 x 128
pixel crop are shown in the first and second rows, respectively. From
left to right: the output of bicubic interpolation, SRCNN (Dong et al.,
2016a), PSF-unaware S5Net (S5Net_nomatch), and PSF-aware S5Net
(S5Net_match).
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Figure 4.20: False-colour visualisation of super-resolved images for FR
and IT orbits for scaling ratio 4 at FR. The red, green, and blue
channels correspond to the SWIR, NIR, and UVIS monochromatic bands,
respectively. For each orbit, a 512 x 512 pixel crop and a 128 x 128
pixel crop are shown in the first and second rows, respectively. From
left to right: the output of bicubic interpolation, SRCNN (Dong et al.,
2016a), PSF-unaware S5Net (S5Net_nomatch), and PSF-aware S5Net
(SbNet_match).
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confirm that visual inspection is crucial in the FR protocol,
and demonstrate that SHNet — especially in its PSF-aware
version (S5Net_match) — better preserves high-frequency

details and structures while maintaining perceptual quality.

These observations highlight the importance of the FR
protocol: unlike the RR protocol, it directly reflects the
actual target resolution, making it a more realistic and

application-relevant setting for evaluating SR performance.

4.2.3 Evaluation of the super-resolution

method on the whole S5P imageries

This section presents the evaluation of the proposed PSF-aware
SISR approach on the complete S5P images, composed by all
channels acquired by the sensor. It includes a comparative
analysis of the proposed dynamic multi-directional cascade
fine-tuning algorithm against benchmark methods, once

optimised.

4.2.3.1 Optimization of benchmark fine-tuning

algorithms

To optimise all benchmark fine-tuning strategies employed for
S5Net (Section 4.1.4.3), we selected the entire preprocessed
orbit (Section 4.1.1). To limit computational complexity, only
a single representative orbit was chosen (Table 4.1), namely
IN.

As regards S5Net_PCA, the number k of principal components
to be super-resolved — both when considering the entire image
(GSR) and the image split by DEM (DSR) — is optimised
based on the ratio of the explained variance. Figure 4.21
illustrates the trend of the explained variance ratio with respect

to the number of principal components in the GSR case,
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whereas Figure 4.22 shows the corresponding trends in the DSR

scenario.

0.006

0.005

e
%

0.004

0.003

e
N

0.002

0.001

1N
=

0.000

Ratio of explained variance

e
[

0.0-
0 500 1000 1500 2000 2500 3000 3500
k

Figure 4.21: Explained variance ratio as a function of the number of
principal components k for the entire IN image (GSR case). An inset at

the top right shows a zoom on components 2 to 10.

As shown in both Figure 4.21 and Figure 4.22, the ratio of
the explained variance displays a clear saturation trend, with
approximately 95% of the total variance captured by the first
principal component in both cases. This justifies the use of
the inset plots, which provide a focused view on the first nine

components after the first one.

In particular, the marginal gain beyond the ninth component
is minimal across all cases. This confirms that selecting £k = 9
principal components to be super-resolved by S5Net in the
S5Net_PCA framework — both under the GSR and DSR
scenarios — is sufficient to retain the informative content while
avoiding unnecessary computational cost.

As regards the SHNet_static state-of-the-art approach, the
number of iterations i, was optimised over the interval
{1,3,7,15,30, 75,150, 300, 750, 1500, 3000} by evaluating the
RMSE value, which is the square root of the MSE value

(Equation 3.5). To avoid excessive computational demands,
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Figure 4.22: Explained variance ratio as a function of the number of
principal components k for the IN image, separately for each DEM (DSR,

case). An inset at the top right shows a zoom on components 2 to 10.

only 100 consecutive spectral channels are sampled from the
entire preprocessed IN orbit within the UVIS DEM scope.
Consecutive channels are selected to simulate the accumulation
of reconstruction error across adjacent wavelengths that occurs
both in the GSR and DSR scenarios. The analysis was
conducted following the RR protocol with a scaling ratio of
4.

The trend of the RMSE as a function of the number of

fine-tuning iterations i. is shown in Figure 4.23.

The best performance is achieved at i, = 75, where the RMSE
reaches its minimum. Beyond 7. = 300, the error increases
consistently, indicating that excessive training iterations are
detrimental. This behaviour is likely due to error accumulation
during sequential fine-tuning, as each channel is initialised
from the weights of the preceding one. When the number of

epochs becomes too high, transferring overfitted weights leads
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Figure 4.23: Evolution of the RMSE value as a function of the number
of training iterations i. for the S5Net_static approach. A zoomed-in view
for i, < 150 highlights the early-stage behaviour of the plot. The plot
refers to 100 consecutive spectral channels of the IN image under the RR

protocol with a scaling ratio of 4.

to performance degradation — such that a single epoch may
yield better results than more than 300. For this reason, the
number of iterations in SHNet_static was fixed to 7. = 75 per

channel for both the DSR and GSR cases.

4.2.3.2 Assessment of the S5Net fine-tuning strategy

To ensure a fair and computationally efficient comparison of
the proposed dynamic multi-directional cascade fine-tuning
strategy for S5Net (S5Net_dynamic) against benchmark
approaches, all methods were evaluated on a entire orbit. To
avoid excessive computational load, a single representative
preprocessed orbit — namely the IN image (Table 4.1) — was
used. The corresponding results are shown in Figure 4.24,
which reports the PSNR values (Equation 4.1) achieved
by the proposed S5Net_dynamic, the baseline approach
(SHNet_all), and the two state-of-the-art methods (S5Net_PCA
and SbNet_static), once they have all been optimised, for both
the GSR and DSR scenarios. All results are obtained using the
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RR protocol with a scaling ratio of 4.
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Figure 4.24: The plot shows the PSNR values as a function of the number
of training iterations (logarithmic scale) for the proposed fine-tuning
approach (S5Net_dynamic), the baseline method (S5Net_all), and the two
state-of-the-art strategies (S5Net_PCA and S5Net_static). For clarity, the

corresponding numerical PSNR values are also reported.

Among the evaluated approaches, S5Net_all (a red circle)
achieves the highest PSNR score. However, this performance
comes at the cost of an exceedingly high number of training
iterations (on the order of 107), which makes it impractical for
large-scale SR applications. The DSR setting (indicated by
the cross marker), in which the image is split according to the
DEM, consistently outperforms the GSR setting (indicated by
the hexagon marker), where the image is processed as a whole.
This improvement can be attributed to the stronger spectral
correlation observed between channels belonging to the same

DEM, as opposed to the weaker inter-DEM correlation.
S5Net_PCA (in blue) is the least effective approach in both

cases. Although it benefits from a lower computational cost,
even when optimised, it fails to reach competitive performance
levels. As expected, S5Net_static (in green) achieves better
PSNR than the proposed S5Net_dynamic (in magenta), thanks
to the higher number of training epochs. Nevertheless, the
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proposed SHNet_dynamic offers a favourable trade-off in the
DSR case, which is the most relevant one due to its superior
performance. Specifically, it requires only 104,092 iterations
compared to the 270,075 needed by S5Net_static, while losing
merely 0.006 dB in terms of PSNR.

Therefore, in the subsequent full-framework evaluation, we
consider only the most promising strategies: SbHNet_all as a
baseline, SHNet _static as benchmark and S5Net_dynamic in
both GSR and DSR configurations. S5Net_PCA is excluded

due to its poor performance.

4.2.3.3 Final results on super-resolution of S5P

radiance imageries

The full evaluation of the proposed PSF-aware SISR framework
was carried out using the entire preprocessed dataset of SHP
Level-1b radiance images (Section 4.1.1), which includes ten
selected orbits (see Table 4.1 for details on the considered
orbits) across different predefined areas and 3445 spectral

channels.

As discussed in the previous subsection, under the FR
protocol, consistency with the LR image is correlated with
the results observed in the RR setting. Similarly, performance
remains stable across different scaling ratios, indicating that
evaluation at a single, representative ratio is sufficient. To
reduce computational load, we therefore assess the complete
framework under the RR protocol using the scaling ratio most

commonly adopted in remote sensing applications, namely 4.

Table 4.14 reports all full-reference metrics introduced
in Section 4.1.2, namely UIQI (Equation 4.3), ERGAS
(Equation 4.2), SAM (Equation 4.4), and PSNR
(Equation 4.1). The table includes results for the baseline
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Method | Q 1 ERGAS | SAM | PSNR ¢
Cubic | 0.8715  3.3480  1.7428  32.2591
CGA | 0.8901  3.5982 2.6987  32.1371
SRCNN | 0.8897  3.1093 1.9326  33.0021
VDSR | 0.8978  3.1215 1.6252  33.0432
EDSR | 0.8822  3.5016 1.8280  32.1042
PAN | 0.8807  3.4041 1.7795  32.2358
S5Netall | 0.9033  2.8766  2.0807 33.5674
e | S5Netst | 0.9021  2.9483 20659 334235
O | S5Net_dy | 0.8917  3.0131 2.0635  33.2006
e | S5Netst | 0.9044 20206 20839 335618
A | S5Net_dy | 0.9030  2.9280  2.07/2  33.5435

Table 4.14: Quantitative evaluation of the proposed full PSF-aware SISR
method, S5Net, conducted using different fine-tuning algorithms: one
baseline (S5Net_all), one state-of-the-art method (S5Net_st, which stands
for S5Net_static), and our proposed dynamic multi-directional cascade

fine-tuning algorithm (S5Net_dy, which stands for S5Net_dynamic),
evaluated under both GSR and DSR scenarios. The results are obtained

under the RR protocol with a scaling factor of 4. All full-reference metrics

are reported as averages across the orbits listed in Table 4.1. The overall

best result for each image quality metric is shown in bold, while the

second-best is underlined. When relevant, the best result within each

sub-block is italicised.
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approach — bicubic interpolation (Section 2.3.1.1) — and
the performance of five state-of-the-art approaches,
the  deconvolution-based method solved via CGA
(Section 2.3.1.2) — evaluated after optimization — and
four DL-based SISR methods, including SRCNN (Dong et al.,
2016a), VDSR (Kim et al., 2016a), EDSR (Lim et al., 2017),
and PAN (Zhao et al., 2020).

Our proposed PSF-aware SISR approach, here simply indicated
as SHNet, is reported in all promising fine-tuning configurations
identified in the preceding subsection, namely S5Net_all,
S5Net_static, and SHNet_dynamic, for both the GSR and DSR

scenarios.

First, when SHNet is trained separately on all spectral channels
(S5Net_all), it achieves the best performance in terms of
PSNR and ERGAS. These two metrics, both dependent on the
RMSE metric, indicate that full per-channel fine-tuning leads
to higher-fidelity reconstructions. However, this improvement
comes with a clear trade-off: S5Net_all performs worse in terms
of UIQI and SAM, which reflect perceptual image quality and
spectral consistency, respectively. This suggests that while the
spatial details are better preserved, the structural similarity
and spectral fidelity are negatively impacted when treating

channels independently.

In contrast, S5Net_static achieves the highest UIQI score under
the DSR setting, highlighting its effectiveness in preserving
overall image quality from a structural perspective. The fact
that this result occurs in the DSR scenario reinforces the
broader trend that emerges from the table: DSR consistently
outperforms GSR across nearly all metrics and methods (+0.14
dB for S5Net_static and 4-0.34 dB for S5Net_dynamic on PSNR
metric). This observation suggests that processing images split
by DEM — rather than entire orbits — is beneficial, likely due
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to the reduced intra-region variability.

Interestingly, S5HNet_static also achieves PSNR values very
close to those of S5Net_all, particularly in the DSR setting,
with minimal performance degradation (—0.005 dB on PSNR).
Likewise, SbHNet_dynamic shows similar behaviour: in the
DSR configuration, its results are nearly indistinguishable
from the full-channel baseline across all metrics (—0.024 dB
on PSNR). This is a promising result, as it indicates that
our proposed dynamic fine-tuning strategy can approach the
performance of fully separated training, but at a significantly
lower computational cost — an aspect that will be further

discussed in the following.

Bicubic interpolation yields the lowest SAM values across all
methods, indicating the highest spectral consistency. However,
this result is not surprising, as bicubic interpolation inherently
avoids introducing spectral distortions. At the same time,
its performance in terms of PSNR is low, highlighting
the fundamental trade-off between spectral preservation and

pixel-based reconstruction.

Among the fine-tuning methods, S5Net_dynamic achieves
better spectral consistency than S5Net_static, particularly in
the GSR setting (2.0635 for S5Net_dynamic against 2.0659 for
S5Net_static, with 2.0807 for S5Net_all). This result suggests
that our dynamic fine-tuning mechanism is more effective at
adapting to spectral variations across channels. Additionally,
the GSR version of S5Net_dynamic shows a better SAM value
than its DSR counterpart (2.0635 for GSR and 2.0742 for
DSR), confirming that, although DSR is generally superior in
terms of reconstruction accuracy and perceptual quality, GSR

may offer slight advantages in maintaining spectral coherence.

With regard to computational complexity, and in line with
the observations made for the IN orbit in the detailed
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Method Iterations
S5Net_all 10,335,000
SHNet _static 261,300
SHNet_dynamic 83,487
ShNet _static 270,075
S5Net_dynamic 96,100

DSR | GSR

Table 4.15: The table reports the average number of iterations required
by each of the fine-tuning approaches employed in S5Net to perform the
full evaluation presented in Table 4.14.

computational load analysis presented in the preceding
subsection, Table 4.15 reports the average number of iterations
required by each of the fine-tuning approaches introduced in
Table 4.14. Specifically, we compare S5Net_all, S5Net _static,
and S5Net_dynamic under both the GSR and DSR scenarios.
The number of iterations for both S5Net_all and S5HNet _static is
fixed across all orbits, whereas for S5Net_dynamic it is averaged

over the orbits.

From a computational perspective, the results in Table 4.15
confirm the expected trade-offs between performance and
efficiency. As anticipated from the previous analysis, the
fully channel-wise fine-tuning approach, S5Net_all, is by far
the most computationally expensive, requiring a total of
10,335,000 iterations — i, = 3000 for each of the 3445 spectral
channels. Although this approach yields the best results for
RMSE-based metrics such as PSNR and ERGAS, the cost
is prohibitive, particularly when scalability to large-scale or
real-time applications is considered.

Comparatively, the DSR scenario exhibits a higher
computational load than its GSR counterpart for both
S5Net_static and S5HNet_dynamic. This increase is mainly due

to the presence of four channels fine-tuned with ¢ = 3000
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iterations. Nonetheless, the added computational burden in
DSR is moderate, and the improved qualitative performance
observed in Table 4.14 justifies the cost.

Most notably, the SHNet_dynamic approach proves to be the
most computationally efficient overall. Its adaptive fine-tuning
strategy significantly reduces the number of required iterations
while maintaining performance levels close to those of
S5Net_all. This confirms the practical value of the proposed
dynamic multi-directional cascade fine-tuning strategy, as it
offers a favourable compromise between reconstruction quality

and computational cost.

All super-resolved images for five different orbits — CS, IT, IN,
RS and US (see Table 4.1) — are shown in Figures 4.25-4.29,
respectively, for the RR protocol at scaling ratio 4 and for an
area of 128 x 128 pixels of the original image (Figure 4.2). In
each figure, the images are displayed for the GT, all benchmark
approaches listed in Table 4.14, as well as for two fine-tuning
variants of SHNet, namely S5Net_all and S5Net_dynamic in the
DSR scenario. All images are displayed using channels 3050,
2250, and 1700 for red, green, and blue, respectively.

The visual comparison across the different SR methods reveals
clear differences in reconstruction quality.  The bicubic
interpolation results appear overly smooth, lacking fine detail.
Conversely, the deconvolution-based approach produces images
with a somewhat blocky and pixelated texture. DL-based
state-of-the-art methods, such as VDSR, EDSR, and PAN,
generate images with a soft, blended appearance, but tend to
introduce some blur.

Among all the methods evaluated, S5Net_all consistently
produces the most visually convincing and detailed
reconstructions, particularly noticeable along complex

edge structures such as coastlines — for example, the
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Cubic CGA

SRCNN VDSR EDSR

EkEk
k

SSNet_all DSR S5Net_dynamic

d 3

Figure 4.25: Super-resolved outputs for the full CS orbit for the
RR protocol at scaling ratio 4. The images compare the GT, all

benchmark methods and two S5Net fine-tuning variants, S5Net_all and
S5Net_dynamic in the DSR configuration. All images are rendered using
channels 3050 (red), 2250 (green), and 1700 (blue).
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Figure 4.26: Super-resolved outputs for the full IT orbit for the
RR protocol at scaling ratio 4. The images compare the GT, all
benchmark methods and two S5Net fine-tuning variants, ShNet_all and
S5Net_dynamic in the DSR configuration. All images are rendered using
channels 3050 (red), 2250 (green), and 1700 (blue).
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Figure 4.27: Super-resolved outputs for the full IN orbit for the
RR protocol at scaling ratio 4. The images compare the GT, all

benchmark methods and two S5Net fine-tuning variants, S5Net_all and
S5Net_dynamic in the DSR configuration. All images are rendered using
channels 3050 (red), 2250 (green), and 1700 (blue).
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CGA

SRCNN VDSR EDSR

Cubic

PAN SS5Net_all DSR S5Net_dynamic

Figure 4.28: Super-resolved outputs for the full RS orbit for the
RR protocol at scaling ratio 4. The images compare the GT, all

benchmark methods and two S5Net fine-tuning variants, S5HNet_all and
S5Net_dynamic in the DSR configuration. All images are rendered using
channels 3050 (red), 2250 (green), and 1700 (blue).
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CGA

DSR S5Net_dynamic

S5Net_all

Figure 4.29: Super-resolved outputs for the full US orbit for the
RR protocol at scaling ratio 4. The images compare the GT, all
benchmark methods and two S5Net fine-tuning variants, S5Net_all and
S5Net_dynamic in the DSR configuration. All images are rendered using
channels 3050 (red), 2250 (green), and 1700 (blue).
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Caspian Sea and the Red Sea in the CS and RS orbits,
respectively, the Italian coast in IT, and the Gulf of Mexico
in US. The precise delineation of these edges highlights the
method’s superior ability to reconstruct spatial details that
are challenging for other approaches. It is also important
to note that SbHNet_dynamic in the DSR scenario, the
computationally more efficient variant, yields results that are
visually indistinguishable from those of S5Net_all, indicating
that the reduced computational cost does not compromise
image quality.

It should be emphasised that these images represent only three
selected channels out of the full 3445 spectral bands available,
and the primary focus of this research is on quantitative
evaluation rather than visual inspection. Nevertheless, the high
visual quality observed in the super-resolved images, despite
the limited spectral subset, demonstrates the effectiveness of

the proposed method.

4.3 Satellite-based prediction of

oxidative potential

To illustrate the potential of the proposed SISR approach in
a real-world setting, we consider an exemplary case study in
air quality monitoring. Specifically, we investigate whether
the PSF-aware method we propose can enhance the prediction
of oxidative potential (OP) of particulate matter (PM), a

health-relevant indicator introduced in Section 2.1.1.

4.3.1 Case study details

This section provides a description of the problem and the

materials used in this analysis.
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4.3.1.1 Background and motivation

OP is regarded as a promising health indicator (Gao et al.,
2020). However, most epidemiological studies rely on data
from a single monitoring site, leading to potential exposure
misclassification and underestimation — or even omission — of
associated health effects (Zeger et al., 2000). Since OP is
more strongly influenced by PM chemical composition than by
its concentration (Weber et al., 2021), land surface features
visible in satellite imagery serve as indirect proxies, being
closely tied to emission sources and factors shaping PM
composition (Shangguan et al., 2022). In Carbone et al. (2026),
this idea is operationalised in OPNet, a DL-based model
designed to predict the OP of PM;j, over Grenoble, France,
using satellite-based surface features and auxiliary variables.
Here, we adopt OPNet as a testbed to evaluate the contribution

of our SISR framework.

4.3.1.2 Study area

Grenoble, whose location and satellite view is shown in
Figure 4.30, is the most populous metropolitan area in the
Alps. The French city lies on a valley floor, surrounded by
mountains reaching nearly 3,000 m. This topography limits air
circulation, trapping pollutants near the ground and leading to
elevated PM levels (Borlaza et al., 2021).

Dataset: OP data were derived from 24-hour PM;, samples
collected at three different ground-stations in Grenoble — UC
(urban centre), UB (urban background) and SU (suburban),
whose locations are shown in Figure 4.30 — between 2017 and
2021, following the protocols described in (Calas et al., 2018,
2017). The locations of these stations are shown in Figure 4.30.

To account for meteorological and temporal variability
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Figure 4.30: Study area in southeastern France (right) and locations of air
quality monitoring stations in Grenoble (left). In particular, UC stands

for urban centre, UB for urban background, and SU for suburban.

affecting PM composition (World Health Organization, 2021),
auxiliary inputs included nine meteorological variables from
ERA5/ERA5-Land (Hersbach et al., 2020; Mufioz-Sabater
et al., 2021) and two temporal indicators. Satellite inputs
consisted of S5P Level-1b radiances cropped into 50 x 50-pixel
patches centred on Grenoble, using only three channels near
the red, green, and blue ranges. To highlight the role of SR,

we generated three dataset:
e Original LR images;

e Images enhanced via bicubic interpolation
(Section 2.3.1.1) with scaling ratios of 2 and 4;

e Images enhanced using our PSF-aware SISR method,

S5HNet, also with scaling ratios of 2 and 4.

Each image in these datasets was paired with the corresponding
daily averages of the 11 auxiliary variables, PM;y, and OP

values.
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4.3.2 Methodology

OPNet (Carbone et al., 2026) is a joint DL-based model
composed of (1) a deep residual CNN with 50 layers (He et al.,
2016) as the backbone, which extracts N; surface features
from a single satellite image, and (2) a 3-layer feed-forward
neural network (Rumelhart et al., 1986) with n neurones as
the predictor, which estimates the OP for a given day based
on the concatenation of the N; image features and the N, = 11
auxiliary variables, resulting in N; + 11 input features. A

graphical representation of OPNet is depicted in Figure 4.31.

N, =11
. m g n neurones

Sentinel-5P .*3 per layer o
image o

W |- @@ —o
4 o
E — —> O | |8

50 x 50 x 3

Figure 4.31: A graphical representation of the employed OPNet. In the
figure, N, and N, represent the number of additional variables and the
number of surface features extracted from the image by the backbone,

respectively, and n is the number of neurones in each layer of the predictor.

The optimization of OPNet is split into two stages: a
domain-adaptive task using PM;, data, followed by a
domain-specific task on the target OP measurements. This

design leverages PM;, as a proxy for OP.

4.3.3 Performance analysis

In this section, we first outline the experimental setup, followed
by a detailed presentation of the results obtained from the

analysis.
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4.3.3.1 Experimental setup

We conduct experiments to evaluate the potential for
estimating OP from satellite-based surface features extracted
from the three datasets combined with the 11 auxiliary
variables.  Performance is assessed using three standard
regression metrics: R-squared (Equation 3.3); RMSE, defined
as the square root of MSE (Equation 3.5); and normalised mean
absolute error (NMAE) (Equation 4.6):

— )

N s
NMAE = 2=l = vi] (4.6)
N-y
where y is the mean of the reference values y = [y1,...,yn],
with N denoting the total number of values; ¥; is the ¢-th
predicted value; and |-| denotes the absolute value operator.

Lower NMAE values indicate improved prediction accuracy.

To assess computational efficiency, we additionally report: the
number of floating-point operations (FLOPs), representing
the number of multiply-accumulate operations (MAC); the
number of trainable parameters, reflecting model capacity; and
the total time (in seconds), indicating the duration of model
optimization.

To evaluate the contribution of each architectural component
we compare three OPNet configurations. Model A removes
the backbone and trains only the predictor on the 11 auxiliary
variables. Model Bpy; excludes the auxiliary variables and
predicts OP solely from the N; image surface features. Model
A+Bpwy corresponds to the complete OPNet architecture.

All experiments were run on an Nvidia RTX6000 GPU using
Python 3.11.2, PyTorch 2.1.04-cul21, PyTorch Lightning 2.1.0,
and Torchvision 0.16.0.
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4.3.3.2 Experimental results

Table 4.16 and Table 4.17 report the results for OP prediction
across all evaluation metrics, OPNet configurations, and image

datasets, for scaling ratios 2 and 4 respectively.

Performance
Method | Dataset
RMSE | | MAE | R? %
A - 0.3399 0.2343 | 0.8352
LR 0.4364 0.3855 | 0.7284

Bpum Cubic 0.3184 0.2722 | 0.8554
SHNet 0.3122 0.2390 | 0.8609

LR 0.2897 0.2230 | 0.8303
A+Bpu Cubic 0.2815 0.2207 | 0.8870
SHNet 0.2469 | 0.2032 | 0.9130

Table 4.16: Results of OP prediction for the different OPNet
configurations using three satellite image datasets: original LR images
(LR), images enhanced via bicubic interpolation (Cubic), and images
super-resolved with S5Net (S5Net) with scaling ratio 2.

As expected, increasing the scaling ratio generally leads
to a decrease in prediction performance, highlighting the
inherent difficulty of accurately super-resolving images at
higher magnification factors. The LR images consistently yield
the poorest results across all OPNet configurations, confirming
that applying SR techniques reliably improves the predictive
accuracy for OP. In particular, S5Net consistently outperforms
bicubic interpolation, demonstrating the clear advantage of
using our PSF-aware SR method over a generic interpolation
approach.

The comparison between using only satellite images and
combining them with auxiliary variables highlights the
importance of multimodal inputs. As the backbone is

pre-trained on PM;q data, even when auxiliary variables are
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Performance
Method | Dataset
RMSE | | MAE | | R%*%
A - 0.3399 0.2343 | 0.8352
LR 0.4364 0.3855 | 0.7284
Bpum Cubic 0.3441 0.2960 | 0.8311
S5Net 0.3320 0.2592 | 0.8428
LR 0.2897 0.2230 | 0.8803
A+Bpym Cubic 0.2839 0.2410 | 0.8851
S5Net 0.2515 | 0.2134 | 0.9098

Table 4.17: Results of OP prediction for the different OPNet
configurations using three satellite image datasets: original LR images
(LR), images enhanced via bicubic interpolation (Cubic), and images
super-resolved with S5Net (S5Net) with scaling ratio 4.

omitted, the model can still capture relevant information,
although the combination of both inputs remains the most
effective strategy. Notably, while LR images alone perform
worse than using only the auxiliary variables, applying SISR
allows satellite images alone to outperform the A case,
emphasising the benefit of enhanced spatial detail. Overall,
these results demonstrate that SISR is a crucial step for
enhancing predictive performance and that S5Net provides a

clear improvement over standard strategies.

Table 4.18 reports the complexity of OPNet across all tested

configurations and datasets, for both scaling ratios 2 and 4.

As expected, model A, which uses only the auxiliary variables,
is the lightest, but also excludes image information entirely.
In contrast, configurations including the image backbone (Bpy
and A+Bpy) are substantially more demanding, with FLOPs
in the range of 4.29-4.30 GM and over 16M parameters,
regardless of the dataset or scaling ratio. The small variation

in FLOPs can be attributable to differences in input resolution,
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. Complexity
Method | Dataset | Ratio -
FLOPs | Params | Time
A - - 2.76 kM 5.14k 78.8
LR - 429 GM | 16.2M 183.5
) 2 430 GM | 16.3M 42.6
Cubic
Bpum 4 4.30 GM | 16.3M 42.5
2 429 GM | 16.2M 131.8
SHNet
4 429 GM | 16.2M 154.5
LR - 429 GM | 16.2M 225.4
) 2 429 GM | 16.2M 47.8
Cubic
A+Bpy 4 430 GM | 16.3M 63.9
2 429 GM | 16.2M 47.8
S5Net
4 429 GM | 16.2M 132.2

Table 4.18: Complexity analysis of OP prediction for the different OPNet
configurations using three satellite image datasets: original LR images
(LR), bicubic-interpolated images (Cubic), and S5Net-super-resolved
images (S5Net) at scaling ratios 2 and 4. In the table, kM and GM denote
kMACs and GMACs, respectively, while k and M indicate multiplications
by 102 and 10°.

while the number of parameters remains nearly constant
across datasets. Increasing the scaling ratio from 2 to 4
generally leads to slightly longer times, particularly when
using S5Net. However, the difference remains modest, and
does not significantly impact the overall complexity of the
models. These results confirm that incorporating satellite
images increases the computational load compared to using
only auxiliary variables. Nonetheless, the added complexity is
manageable and justified by the substantial performance gains
reported in Table 4.16 and Table 4.17, especially when using

super-resolved images via SHNet.
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Conclusions

This thesis tackled the persistent challenge posed by the limited
nominal spatial resolution of atmospheric monitoring satellites,
with particular emphasis on Sentinel-5 Precursor (S5P). While
ground-based monitoring stations offer precise, high-quality
observations, their spatial coverage is inherently limited.
Satellites, on the other hand, provide unique, consistent, and
global measurements of atmospheric composition, yet this
comes at the expense of spatial detail due to the trade-off

between spectral coverage and spatial sampling.

The primary objective of this research was thus to enhance the
spatial resolution of S5P radiance data without compromising
its spectral fidelity, thereby enabling novel opportunities for
both scientific analysis and practical applications in Earth
observation. The central contribution is a comprehensive
framework for single-image super-resolution (SISR) specifically
designed for SHP radiance imagery. While maintaining a
lightweight architecture, the framework integrates several

innovative and impactful components:

e Sensor-aware degradation modelling. A formal
characterization of the TROPOspheric Monitoring
Instrument (TROPOMI)’s point spread function
(PSF) was developed to generate realistic low- and
high-resolution training pairs. By explicitly modelling

the sensor’s imaging physics, this step addresses a
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critical gap in the literature, where most approaches
assume sensor-independent degradations that fail to

capture the actual acquisition characteristics.

e Spectral-scalable dynamic multi-directional cascade
fine-tuning. To manage the unprecedented spectral
dimensionality of S5P (approximately 4000 channels),
the framework introduces a dynamic fine-tuning strategy.
Unlike independent per-channel training, static global
approaches, or other dimensionality-reduction methods
such as principal component analysis (PCA), this
approach dynamically adapts the number of training
iterations according to the correlations between channels.
This design preserves spectral fidelity while optimising
computational efficiency and spatial reconstruction

quality.

e Dedicated preprocessing and dataset generation. A
complete preprocessing pipeline was implemented to
prepare S5P radiance data for learning-based SISR.
Given the complexity, volume, and characteristics of
hyperspectral radiance data, this step is essential and has
been largely overlooked in previous studies. The resulting

dataset constitutes a novel resource for the community.

Collectively, these components establish a framework that
achieves a balance between computational efficiency, spatial
enhancement, and spectral consistency — an accomplishment
not previously demonstrated in existing approaches.

Experimental results consistently demonstrate the clear
advantage of explicitly incorporating sensor-specific PSF
information into the SISR framework. Across all evaluated
scaling ratios, the PSF-aware configuration outperforms

PSF-unaware variants and state-of-the-art methods in all
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standard full-reference metrics, while maintaining comparable
spectral consistency. This highlights the critical importance
of accurate sensor modelling for reconstructing high-frequency
spatial details, edges, and complex patterns in remote
sensing data, where each pixel carries physically meaningful

information.

A detailed examination of the results reveals several nuanced

observations.

First, a sensitivity analysis was conducted to evaluate the
robustness of S5Net to moderate mismatches between the
assumed and true PSFs. The results indicate the presence
of a range of fine-tuning gains around the optimal value
where the reconstruction PSNR remains mostly unchanged,
demonstrating that the proposed model is robust to imperfect

knowledge of the sensor-specific PSF.

A preliminary generalization capability evaluation confirms
the effectiveness of SHNet beyond the image-specific training
setting. Across all tested scaling ratios and for all
tested spectral channels, S5Net consistently outperforms all
benchmark approaches. These results demonstrate that the
network architecture contributes significantly to the accurate
reconstruction of fine-scale spatial structures, even under
conventional supervised training conditions.  While this
analysis represents a controlled, idealised scenario that cannot
be replicated operationally due to the lack of true HR
references, it provides an important validation of S5Net’s
design principles. The network’s ability to recover fine spatial
details in this context highlights the generalization potential of
the proposed method.

In contrast, the subsequent analyses consider the performance
of S5Net under the image-specific framework. As true

high-resolution references are unavailable, this evaluation
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provides a practical assessment of the network’s ability to
reconstruct fine spatial structures under realistic conditions

and highlights key aspects of SHNet’s performance.

First, the performance gain from PSF-aware modelling varies
across spectral domains. For ultraviolet (UV) and short-wave
infrared (SWIR) bands, where the actual and assumed PSFs
are similar, improvements are modest. In contrast, for
ultraviolet and visible (UVIS) and near-infrared (NIR) bands,
which display larger deviations from typical assumptions,
the PSF-aware approach yields substantial reductions in
reconstruction error.  This indicates that the benefits of
accurate PSF integration are directly proportional to the
degree of mismatch between actual and assumed acquisition
characteristics, emphasizing the need for sensor-specific

calibration to achieve optimal results.

Second, although the PSF-aware SISR consistently improves
pixel-level fidelity with the available image in the absence
of ground-truths (GTs), visual inspection remains essential.
In these cases, PSF-aware outputs demonstrate superior
edge preservation and finer structural details compared to
PSF-unaware or benchmark methods, confirming the benefit of

incorporating PSF knowledge into the reconstruction process.

Third, the results illustrate the inherent trade-off between
reconstruction accuracy and the scaling factor. As expected,
performance declines with increasing upscaling ratios due to
the ill-posed nature of the inverse problem. Nevertheless,
the PSF-aware framework maintains a consistent advantage
over benchmark methods even at the highest tested ratio,
demonstrating robustness and generalization capability. This
suggests that embedding physics-informed priors can partially

alleviate the limitations inherent in super-resolution.

The comprehensive evaluation of the full framework, including
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the dynamic fine-tuning approach, provides additional insights.
Considering the trade-off between error-based metrics and
perceptual /spectral metrics, it is evident that full per-channel
fine-tuning maximises pixel-level accuracy but may slightly
compromise structural and spectral consistency. Independent
channel-wise optimization enhances high-frequency spatial
detail reconstruction but can introduce subtle spectral
distortions or reduce overall structural similarity. Hence,
this strategy is most suitable for applications demanding
absolute accuracy, albeit at a very high computational
cost. In contrast, static multi-channel fine-tuning achieves
superior structural and perceptual quality, particularly when
processing is performed band-wise, highlighting the advantages
of reducing intra-region variability for hyperspectral SISR.
The dynamic fine-tuning approach introduced in this thesis
represents a favourable compromise, maintaining results close
to the fully independent baseline while drastically reducing
the number of training iterations even when compared to the
static approach. Additionally, it exhibits slightly improved
spectral consistency in the global scenario, indicating that
dynamic fine-tuning effectively accommodates channel-specific
variations without sacrificing spatial reconstruction quality.
This capability is particularly relevant when scaling to the
full 3445-channel dataset or when near-real-time processing is

required.

Visual inspection of the final super-resolved outputs supports
these quantitative trends. Both the fully independent baseline
and the dynamic band-wise approach provide crisp edge
delineation and faithful reconstruction across coastlines and
other complex features. The near-indistinguishability of the
two methods confirms that the dynamic strategy preserves high

perceptual quality while significantly reducing computational
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cost, a crucial aspect for operational deployment.

Beyond algorithmic performance, the findings also illustrate
the practical value of super-resolution in real-world
scenarios. For instance, in predicting the oxidative
potential (OP) of particulate matter over urban areas
using satellite-based surface features, low-resolution inputs
consistently underperform compared to their super-resolved
counterparts. This confirms that current sensor resolutions are
insufficient to capture the fine-scale spatial patterns critical for
air quality assessment in urban areas. By enhancing spatial
detail, SISR substantially improves model accuracy, both as a

standalone input and in combination with auxiliary variables.

While direct validation with independent high-resolution
sources or in-situ monitoring stations is not feasible at present
due to the lack of true HR references and limited availability of
urban surface measurements, preliminary efforts using OPNet
provide a first indication of the potential applicability of
the framework for urban air-quality modelling. In future
work, extending such validation with additional ground-based
networks for selected pollutants could further demonstrate

practical utility and robustness.

Similarly, while some performance improvements reported
in this thesis are modest in absolute terms, they
remain meaningful for end-user applications that rely on
accurate fine-scale spatial information. Future studies
could extend operational validation and application-specific
performance assessments — including, but not limited to, the
estimation of OP — to more comprehensively quantify the
impact of super-resolved data on predictive modelling and

decision-making in real-world scenarios.

Overall, these findings reinforce that super-resolution should

not be treated merely as a preprocessing step. Rather, it acts
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as a critical enabler for predictive modelling in remote sensing
contexts where high-resolution GTs are unavailable and spatial
precision is paramount. By increasing the effective resolution
of SHP radiance data, the framework can support a wide
array of downstream applications, from atmospheric chemistry
studies to operational air quality monitoring. Importantly,
the approach is generalizable: the principles of sensor-specific
degradation modelling and dynamic spectral fine-tuning can be
applied to other hyperspectral missions, providing a versatile
tool for the Earth observation community and opening multiple

avenues for further research.
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