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Abstract

High-resolution Earth observation data are crucial for applications such as agriculture, urban
planning, and environmental monitoring. Although commercial and expensive satellites can
capture sub-meter imagery, open-access alternatives like Sentinel-2 are limited to resolutions
around 10m, which is insufficient for many applications. In this thesis, we investigate image
super-resolution (SR) as a method to bridge this resolution gap, improving the performance
of downstream tasks on freely available satellite data.

We developed two 16-bit single-band datasets with different spatial resolutions, using
Sentinel-2 (20m ¥ 10m) and VENpS (10m ¥ 5m), with the goal of training and benchmark-
ing four different super-resolution methods. To this end, we adapted three transformer models
(SwinlR, Mat, PFT) and one diffusion model (EDiffSR) to our unique satellite data. After train-
ing them with three different dataset mixes, we evaluated their performance quantitatively
utilizing standard reference-based metrics (PSNR, SSIM). With FID and custom-trained NIQE
models, we assessed the native upscaling capabilities of all twelve model configurations. In
addition, we evaluated their impact on a practical downstream application, a Sentinel-2 field
boundary detection.

Our experiments demonstrate that the Transformer models performed well in terms of
PSNR and SSIM, as well as in our downstream application, proving the value of using
super-resolution as a preprocessing step. EDiffSR achieved sharper and perceptually more
realistic imagery, outperforming our Transformers on FID and NIQE, but failed to beat bicubic
upsampling on our downstream task. These findings highlight that super-resolution can be
used to make low-resolution satellites more competitive against commercial imagery.
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Kurzfassung

Hochauflosende Satellitenbilder sind auf dem Gebiet der Landwirtschaft, Stadtplanung und
Umweltiiberwachung nicht mehr wegzudenken. Wahrend teure kommerzielle Satelliten
hochauflosende Bilder erfassen konnen, sind Open-Access-Alternativen wie Sentinel-2 auf
Auflosungen von etwa 10 m GSD beschrankt, was fiir viele Anwendungen unzureichend ist.
In dieser Bachelorarbeit versuchen wir mit Super-Resolution (SR) diese Auflosungsdifferenz
zu tiberbriicken und die Leistung von Folgeaufgaben auf frei verfiigbaren Satellitendaten zu
verbessern.

Wir haben zwei 16-Bit-Einband-Datensdtze mit unterschiedlichen raumlichen Auflosungen
erstellt, basierend auf Sentinel-2 (20m ¥ 10m) und VENpS (10m ¥ 5m), mit dem Ziel, vier
verschiedene Super-Resolution-Methoden zu trainieren und zu vergleichen. Zu diesem Zweck
passten wir drei Transformer-Modelle (SwinlR, Mat, PFT) und ein Diffusionsmodell (EDiffSR)
an unsere einzigartigen Satellitendaten an. Nach dem Training mit drei verschiedenen
Datensatz-Kombinationen bewerteten wir quantitativ ihre Leistung anhand standardisierter
Referenzmetriken (PSNR, SSIM). Mit FID und mafigeschneiderten NIQE-Modellen evaluierten
wir die nativen Hochskalierungsfahigkeiten aller zwolf Modellkonfigurationen. Dartiber
hinaus bewerteten wir ihren Einfluss auf eine praktische Folgeanwendung: die Erkennung
von Feldgrenzen in Sentinel-2-Daten.

Unsere Experimente zeigen, dass die Transformer-Modelle sowohl bei PSNR und SSIM
als auch in der Downstream-Anwendung gute Ergebnisse erzielten und damit den Nutzen
von Super-Resolution als Vorverarbeitungsschritt belegten. EDiffSR erzielte schérfere visuell
realistischere Bilder und tiibertraf unsere Transformer-Modelle bei FID und NIQE. Jedoch
konnte EDiffSR das Bicubic-Upsampling bei unserer weiterfithrenden Feldgrenzenerkennung
nicht tiberbieten. Diese Ergebnisse zeigen, dass Super-Resolution genutzt werden kann, um
niedrig aufgeloste Satellitenbilder wettbewerbsfahiger gegeniiber kommerziellen Bilddaten
zu machen.
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1 Introduction

1.1 Motivation: The Need for Trustworthy High-Resolution Earth
Observation Data

From global systems preventing famine to the navigation apps in our pockets, from monitoring
wild res and glaciers to planning sustainable cities, from forecasting tomorrow's weather to
protecting us from catastrophes, satellite imagery powers some of the most vital infrastructure
of our modern world. It helps us monitor global con icts, track the evolution of our climate,
guide the placement of critical infrastructure such as cell towers, and optimize agricultural
practices that feed billions.

And that is only what is already possible today. The number of Earth Observation (EO)
satellites is expected to almost triple over the next decade [1], equipped with better sensors,
ner spatial resolutions, and higher revisit frequencies, getting us closer to global real-time
coverage. These advances in spatial resolution, sensor technology, and post-processing
pipelines are vital to improve the trustworthiness of available data, making it an even more
reliable foundation for important decisions. Unfortunately, the main factor holding back
applications and research is not the technology but access to the already available resources.

Most of the high-quality imagery is only commercially available and extremely expensive.
This creates a divide between governments, large corporations, and specialized research
projects working with submeter satellite data, while many scienti ¢ projects, smaller com-
panies, and individual researchers have to rely on the limited resources that are openly
available. At the heart of this is the European Union's Sentinel-2 program [2], providing
global multispectral data open to everyone for free. However, Sentinel-2 only provides a
spatial resolution of 10 meters for its visible bands and 20 meters for many others, which is
not high enough for many real-world applications. This raises a critical question: How can
we overcome these limitations and unlock the full potential of open-access satellite data, such
as Sentinel-2?

1.2 Super-Resolution: The Solution for the Resolution Gap?

To bridge the gap between freely available, but lower-resolution imagery and commercial
high-resolution products, researchers have started to explore blind image super-resolution.
Super-Resolution (SR) is the task of reconstructing a high resolution (HR) image from a
low resolution (LR) base using simple algorithms or deep learning methods. Traditional
interpolation techniques, such as bicubic interpolation, estimate pixel values based on their
neighbors, leading to blurry results. Newer methods leverage machine learning techniques
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from simple convolutional neural networks (CNN) to state-of-the-art Transformer [3] and
Diffusion [4] architectures to produce high-quality results. To answer the natural question,
which super-resolution technique will perform best when applied to satellite imagery?, we
evaluated three Transformer models, SwinIR [5], MAT [6], and PFT [7], as well as one
Diffusion model, EDIffSR [8], highlighting their respective strengths and weaknesses.

‘Blind' in the context of super-resolution means that the models do not assume a xed
degradation kernel but can generalize over inputs with varied degradation distributions. This
is especially important for working with real-world data, where so many factors in uence
image quality, including sensor optics and characteristics, atmospheric scattering, noise,
compression artifacts, and differences in preprocessing pipelines.

In our context of Earth Observation (EO), super-resolution could enhance satellite imagery
from open projects like Sentinel-2, increasing its spatial resolution and lowering its ground
sampling distance. Ground Sampling Distance (GSD) is a standard measurement in meters
used in the remote sensing community, describing the area of ground that a pixel covers in
the real world. For Sentinel-2, the visible bands have a ground sampling distance of 10m,
meaning every image pixel stores the data from a 10m x 10m surface area. If we now utilize
super-resolution to upsample these images, with a factor of two, the resulting output would
reach a GSD of 5m.

The promise of super-resolution has great potential: if reliable, it could make free missions
like Sentinel-2 more competitive with much more expensive commercial products. It could
build a foundation for applications that require ner spatial detail, such as eld-level agri-
culture or urban analysis. But all these speculations are contingent on one question: Can
we trust super-resolution to produce results that are viable for scienti ¢ use and real-world
downstream applications?

1.3 Is Super-Resolution a Trustworthy Pre-Processing Step for
Downstream Applications?

For a scienti c domain like remote sensing, it is not enough that a super-resolved image
looks realistic, it needs to re ect reality. This is inherently different from many techniques
used for ground imagery, which focus on creating the perceptually best-looking image.
Trustworthiness in our context means that upsampling techniques must not introduce artifacts
or hallucinate details that were never present, such as a misplaced eld boundary. This would
not help a downstream task, but mislead it. Especially in high-stakes applications such as
disaster response, there is no room for hallucinated false positives. But even in domains
that might appear less critical, such as agriculture, our misplaced eld boundary can have
repercussions. It could distort yield predictions, causing resources to be allocated incorrectly.
The same applies to every eld where decisions are made on the basis of the data. A mistake
in the super-resolution preprocessing step will propagate into further tasks.

But how can we prevent these downfalls from happening? We must thoroughly validate
the performance of our super-resolution techniques, making sure that the gain outweighs the
risks. SR methods have shown strong improvements in perceptual quality and reference-based
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Figure 1.1: Overview over the electromagnetic spectrum. Reproduced from [13].

metrics such as PSNR [9] and SSIM [10]. However, in real-world applications, we lack an
image ground truth, which is why we need to nd better ways to benchmark the performance
of our techniques. This can be addressed by measuring native upscaling performance using
no-reference metrics such as FID [11] or NIQE [12]. While these metrics can be used as
partial indicators, the only real way to validate the performance of models on downstream
tasks is to actually test them on a downstream task and evaluate the results. Even a modest
improvement in downstream task performance can justify SR as a viable preprocessing step.
This is exactly the approach taken in this thesis: benchmarking our models not only on
PSNR, SSIM, FID, and NIQE, but most importantly on a real-world eld boundary detection
downstream task. Before turning to these evaluations, we must rst understand the unique
characteristics and challenges of satellite data itself.

1.4 Challenges in Applying Super-Resolution to Satellite Data

Before we can start getting into the details of satellite data, we rst have to understand
what the human eye can see. When sunlight reaches the Earth's surface, different materials
re ect and absorb it in unique ways. Vegetation, water, soil, or man-made structures re ect a
unique spectral signature. The human eye perceives this re ected light as different colors:
plants are green, while water is blue. But the reality is that our vision is extremely limited,
only capturing a tiny range (roughly 400 - 700 nanometers) of the extensive electromagnetic
spectrum (Figure 1.1). Normal cameras are built to mimic our perception and only record
images with the three color channels we can see (RGB).
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Satellites do not suffer these limitations and are equipped with powerful sensors that
can capture a broader range of the electromagnetic spectrum using spectral bands. These
bands capture the light intensity in a discrete portion of the spectrum. Sentinel-2 utilizes a
multispectral sensor to capture 13 different bands across the spectrum, capturing data from
normal visible channels like RGB, but also from near-infrared (NIR) and short-wave infrared
(SWIR) sections. These additional bands enable applications that surpass human capabilities,
including monitoring vegetation health, estimating soil moisture, or mapping burned areas.
To make our super-resolution models work across multiple bands, we do not simply upscale
RGB images. Instead, we upscale each band individually, making the model band-agnostic.
This allows the model to generalize across different bands, ensuring it works consistently
whether it is dealing with the visible spectrum (RGB) or infrared bands (NIR, SWIR).

Unlike normal cameras, satellites do not just capture colors, they measure surface re ectance.
This means that each pixel captures how much light is re ected by the surface at a specic
wavelength (band). It is vital for further analysis that super-resolution as a pre-processing
step does not corrupt this information. Additionally, these surface re ectance measurements
are typically stored in a 16-bit data range with 65,536 intensity steps. In comparison, normal
RGB ground images utilize 8-bit pixel values with a range of 0-255.

The combination of single-band and 16-bit pixel depth is a signi cant challenge of this thesis,
as it required adapting all models, metrics, and creating our own custom data processing
pipelines. Furthermore, most major computer vision libraries and tools do not support 16-bit
imagery. A 16-bit data range also requires more complex normalization approaches, which
we will go through in depth in Section 3.1.3.

Satellite imagery is typically provided in large tiles that cover extensive geographic areas,
such as 10,980« 10,980 pixels for Sentinel-2 data. These tiles are often too large to process in
one go due to memory and computational limitations. To overcome this, satellite images are
divided into smaller patches, typically 256 x 256 pixels, which are upscaled individually and
recombined again into one tile.

These challenges ranging from spectral consistency and data format to patch-based pro-
cessing highlight how satellite data and remote sensing super-resolution tasks differ funda-
mentally from typical natural RGB image super-resolution.

1.5 Contributions

« Developed two satellite datasets for super-resolution tasks, focusing on 16-bit single-
band imagery from Sentinel-2 and VEN pS, with two spatial gaps of 20m to 10m and
10m to 5m.

« Adapted and trained state-of-the-art super-resolution models SwinIR , MAT , PFT, and
EDIiffSR on three different dataset mixes utilizing different normalization strategies.

« Benchmarked model performances on quantitive metrics PSNR, SSIM and evaluated
their native upscaling capabilities with FID and custom trained NIQE models.
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1.6

Evaluated the super-resolution models on a Sentinel-2 eld boundary detection down-
stream task, ensuring their practical applicability for real-world remote sensing applica-
tions.

Thesis Outline

Chapter 1: Introduction
This chapter sets the stage by discussing the motivation behind remote sensing super-
resolution, its use cases, its potential, and its unique challenges.

Chapter 2: Related Work

In this chapter, we are tracing the evolution of super-resolution from simple algorithms,
such as bicubic interpolation, to convolutional neural networks, recent transformer
models, and state-of-the-art diffusion architectures. Additionally, we highlight the
most important super-resolution research from the remote sensing community, such as
relevant datasets/benchmarks and specialized models.

Chapter 3. Methodology

In the Methodology chapter, we will introduce our two custom datasets, based on
Sentinel-2 (20m! 10m) and VENuS (10m! 5m). We will look into the architectures
of our selected super-resolution models, SwinIR, MAT, PFT, and EDIffSR, explaining
how we adapted them to our 16-bit single-band data. We will also highlight all the
essential metrics for this thesis: PSNR, SSIM, FID, and NIQE. We conclude the chapter
by reviewing the details of our twelve model trainings.

Chapter 4: Experiments and Results

This chapter presents our experiments, starting with the measurement of inference
speeds of our contenders, followed by a quantitative evaluation of our 12 trained
models on our Sentinel-2 and VEN pS validation datasets, using PSNR and SSIM. In the
second major experiment, we test the native upscaling capabilities of our networks with
our adapted FID and custom-trained NIQE models on three different setups. With a
eld-boundary detection downstream task, we will determine the real-world practical
applicability of our models to prove the worth of super-resolution as a preprocessing
step for remote sensing.

Chapter 5: Analysis

The discussion chapter interprets the results presented in chapter 4. We will combine
the ndings of all our experiments, re ecting on the limitations of our different models,
and discussing the future of super-resolution in remote sensing.

Chapter 6: Conclusion and Future Work

The nal chapter summarizes the key ndings of the thesis, highlights its contributions,
and discusses directions for future research in the eld of super-resolution for satellite
imagery.




2 Related Works

2.1 Evolution of CNN-based Super-Resolution Architectures

The story of Single Image Super-Resolution (SISR) begins with simple mathematical algo-
rithms. One of the most in uential rst techniques was the  Bicubic Interpolation . It calculates
new pixel values by considering the 16 nearest pixel neighbors in an image. Although it is
known to produce blurry, indistinct results, it remains an important baseline for comparing
new models to this day.

The Introduction of the Super-Resolution Convolutional Neural Network (SRCNN) [14]
marked the rst major milestone on the journey to using learning-based methods. The
model learned, from a paired dataset, a direct mapping between LR and HR images, using
a simple Convolutional Neural Network (CNN) architecture. This breakthrough sparked a
rapid succession of innovations and optimizations, such as the FSRCNN [15], that improved
ef ciency by moving the upsampling operation to the end of the network. VDSR [16],
DRCN [17], and SRResNet [18] started to develop more complex and deeper architectures by
incorporating residual connections, resulting in increasingly better PSNR metrics 3.3.1.

However, this focus on the PSNR metric led to new problems. PSNR is based on the mean
average pixel error and is known to favor blurry images. Fine details and natural looking
textures matter to the human eye, but were often lacking in PSNR-optimized approaches.
The Super-Resolution Generative Adversarial Network (SRGAN) [18] tried to solve this
issue by implementing a novel method to evaluate images, using a Generative Adversarial
Network (GAN) [19]. The SRResNet based generator was assessed by a second Evaluator
Module, which rates the visual quality based on a novel perceptual loss.

Research on the CNN architecture also led to major improvements. EDSR [20] increased
performance by simply removing batch normalization layers. Other models introduced novel
ways to handle features, from the hierarchical feature fusion in RDN [21] to the adaptive
feature recalibration in RCAN's [22] channel attention mechanism.

The pursuit of perceptual quality reached a new peak with ESRGAN [23], a signi cant
improvement to SRGAN. It utilizes a more powerful Residual-in-Residual Dense Block (RRDB)
for its generator, which helps with data ow. Its relativistic discriminator follows the new
approach of judging whether a real image is more realistic than a fake one, resulting in
sharper edges and more convincing details.

As most of these models were trained on simple bicubic degradation, they struggled to
handle the complex artifacts of real-world images. Real-ESRGAN [24] addressed this issue
by training the ESRGAN architecture on a more realistic degradation model. It uses blur,
noise, and compression artifacts to mimic the complex real world. With these improved data
augmentations, Real-ESRGAN achieved unprecedented generalization to real-world images,
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making it, to this day, a decent tool for image enhancement. A more comprehensive overview
of CNN-based approaches can be found in Jangir's master's thesis [25].

2.2 Evolution of Transformer-based Models

The introduction of the Transformer architecture marked a paradigm shift, rst in Natural
Language Processing (NLP), where models like GPT-3 [26] amazed the world and rede ned
what was possible. It also had a profound impact on computer vision and super-resolution
techniques. In this section, we trace the evolution of Transformer-based models, from their
foundational concepts to the current state-of-the-art methods of Super Resolution (SR). The
survey by Dutta et al. [27] provides a useful performance overview of many foundational
models.

2.2.1 "Attention Is All You Need": The Foundation of the Transformer

"Attention Is All You Need" [3] was the groundbreaking paper called, that introduced the
Transformer architecture and its novel self-attention mechanism. Self-attention is a powerful
mechanism that lets the model see the bigger picture. While CNNs are limited to analyzing a
local neighborhood, self-attention allows to take the entire input into consideration. It works
by calculating, for each element of the input, which other elements are most closely related.
To do this, the model uses three vectors: a Query (Q), a Key (K), and a Value (V). The Query
can be thought of as a question that the current element asks. The Keys represent possible
answers provided by all other elements. By comparing the Query to the Keys, the model
produces similarity scores, which are then normalized. These scores indicate how much
attention the model should pay to each value. Finally, the current element is updated by
combining the values, weighted by their relevance, leading to a richer representation that
captures the context of related elements [28].

The paper also introduced Multi-Head Attention , a technique that runs the self-attention
mechanism multiple times in parallel. All the results of these parallel attention heads are
combined together in order to allow the model to consider multiple diverse perspectives and
capture more complex information.

This powerful architecture was rst successfully adapted for vision tasks by the Vision
Transformer (ViT) [29]. It demonstrated how a pure Transformer architecture could achieve
state-of-the-art performance in image classi cation, a eld dominated by CNN-based methods.
To work with the Transformer architecture, images were split into xed-sized patches that
were treated as sequence elements, similar to words in a sentence. The advantage of this
method over the CNN-based method was that it could utilize the context of the entire picture,
rather than being limited to local pixel patterns. The main limitation, holding the transformer
architectures back, was the massive dataset and computing power required for training.




2 Related Works

2.2.2 Adapting Transformers for Image Super-Resolution

VIiT was developed for image classi cation, a task fundamentally different from super-
resolution. Super-Resolution (SR) requires working with ne details on high-resolution
feature maps. The massive computational cost that is needed for global self-attention did not
scale well with this problem [29]. A more ef cient solution was required.

This breakthrough came with SwinIR [5], a model that made Transformers truly effective
for super-resolution. SwinlIR solved the computational bottleneck of ViT with a clever
trick. Instead of calculating attention across the entire image, it worked on small, non-
overlapping local windows. Computing self-attention in these smaller patches massively
improves performance. To maintain the bene ts of global attention, the famous shifted-
window mechanism was introduced. It allows the information to ow between windows
across layers. This hierarchical design combines the best of both worlds: global context with
fast compute and local focus. SwinIR is to this day the most well-known image transformer
for super-resolution, and a common baseline for experiments. As it is one of the core models
investigated in this thesis, its architecture is detailed further in Section 3.2.2.

2.2.3 Evolution After SwinlR: Re ning Attention

After SwinIR established a strong baseline, the following years saw a rapid evolution of
Transformer-based SR models, primarily focused on re ning the attention mechanism.

In 2022, research on ef ciency continued with the Ef cient SR Transformer (ESRT) [30].
This lightweight hybrid model combined a CNN backbone for local features with a light
Transformer for global dependencies. The Deformable Attention Transformer (DAT for
RefSR) [31] introduced a more exible attention. Reference-based SR enhances an LR image
by transferring textures and patterns from an additional HR reference image. As DAT is
speci cally designed for this task, it can adaptively focus on relevant features, proving highly
effective for transferring texture.

Rapid developments and many unique approaches were introduced in the following
year (2023), starting with an ef cient contender, the Slide-Transformer [32]: It used highly
optimized convolutions to implement local attention, which runs ef ciently on any platform.

At the same time, new feature aggregation strategies emerged. The Dual Aggregation
Transformer (DAT) [33] proposed two different types of alternating attention blocks: a
standard spatial window attention block for capturing local patterns, and a novel channel-
wise attention block. Another frontier to explore was the Frequency Domain, the Attention
Retractable Frequency Fusion Transformer (ARFFT) [34] utilized the Fast Fourier Transform
(FFT) for feature extraction. Both of these attention approaches focus on providing the model
with more global information. But the best benchmark results in 2023 were achieved by
the Hybrid Attention Transformer (HAT) [35]. It uses the complementary advantages of
an overlapping cross-attention module and channel attention. The core goal of this hybrid
design is to “activate more pixels” and to gain access to a wider context.

Researchers in 2024 pursued multiple avenues for architectural improvement. Deep archi-
tectures often suffer from an “information bottleneck”, which the  Dense-Residual-Connected
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Transformer (DRCT) [36] addresses by proposing dense residual connections. They stabilize
the data ow and counteract diminishing feature maps in late layers. Combining multiple
different attention approaches was demonstrated by the Multi-Attention Fusion Transformer
(MAFT) [37]. Itis parallel approach fused local, global, and CNN-based attention. At the
same time, a more fundamental shift occurred as research began to merge Transformers with
diffusion models, a trend exempli ed by the Diffusion Transformer for SR (DiT-SR)  [38].
We look deeper into diffusion models in Section 2.3.

The Multi-Range Attention Transformer (MAT) [6] captures features across multiple
spatial scales without signi cantly increasing computational cost. This allows the model to
achieve state-of-the-art performance. As one of the strongest options available today, the
Progressive Focused Transformer (PFT) [7] enhances ef ciency by progressively focusing
attention. We will go more in-depth into MAT and PFT in Sections 3.2.3 and 3.2.4, as we
picked them as contenders for our experiments.

2.3 Evolution of Diffusion Models

Although Transformers have been a dominant force in super-resolution, Diffusion Models
[4] have recently emerged as powerful competitors [39]. This section provides an overview
of their development, from the core principle to the currently relevant application in super-
resolution. A complete technical and theoretical overview of diffusion models in SR can be
found in the comprehensive survey by Moser et al. [39].

2.3.1 Foundational Concepts: Denoising Diffusion Probabilistic Models

The success of most modern image generators, such as Stable Diffusion [40] and Midjourney
[41], can be traced back to the foundational paper on Denoising Diffusion Probabilistic
Models (DDPM) [4]. It described the main mechanism behind diffusion models: generating
images by progressively removing noise.

The core concept consists of two processes. First, dorward process adds incrementally
a small amount of Gaussian noise to an image. This procedure slowly degrades the image
until it is reduced to pure isotropic noise. To control the rate of information loss, the amount
of noise introduced at each time step is carefully managed by a speci c noise schedule.
Commonly, it takes hundreds to thousands of steps for this process to nish.

The generative power of the model lies in the reverse process where it is attempting
to remove noise iteratively. A neural network, typically a U-Net architecture, is trained to
predict the noise that was added at any given timestep. By removing this predicted noise, it
learns to reverse the forward process. Once trained, this denoising function can be applied
iteratively, starting with a random noise sample instead of a corrupted image. After many
steps, the random noise is completely transformed into a new coherent image. The results of
this method look perceptually convincing, producing high- delity images that challenged the
quality of leading GANSs at the time.
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2.3.2 Applying Diffusion to Super-Resolution

The challenge in using diffusion for super-resolution is guiding the generative process. Instead
of creating a random image from pure noise, the model needs to generate a high-resolution
(HR) output that is consistent with a given low-resolution (LR) input. One of the rst and
most in uential works to demonstrate this was SR3[42]. The key innovation: concatenating
the LR image to the noisy input at each step of the reverse process. The model can learn to
utilize this additional input to ensure that the output remains faithful to the LR source. This
conditioning strategy led to a signi cant leap forward, already producing highly realistic
details and textures. It once again surpassed the quality of contemporary GAN based methods
in perceptual quality, unfortunately with a high computational cost. Published around the
same time, SRDIff [43] explored a different conditioning strategy. It also conditioned the
denoising network on the LR image, but with one major change in methodology. The model
should not predict the HR image directly. The diffusion process should be applied to the
residual, the difference between the HR image and a simple bicubic upsampling of the LR
image. This change forced the model to mainly focus on the high-frequency details that are
missing in the bicubic upsampling.

2.3.3 Efciency and Zero-Shot Restoration

The major factor holding early diffusion back was the immense computing power needed to
train them: transformer baselines such as SwinlIR can be trained on a single high-end GPU
within a few days while SR3 typically requires large GPU/TPU clusters and signi cantly
longer training times [42] [5]. The Latent Diffusion Models (LDMs)  [40] tried to tackle this
issue by not directly running the diffusion process on high-resolution images. LDMs use
autoencoders to compress the image into a small and ef cient latent space. The normally
computationally expensive part, the diffusion process, only needed to work in this ef cient
latent space. Large scale models like Stable Diffusion were only made possible by this key
innovation, reducing training time and inference cost signi cantly. The development of
massive, pre-trained diffusion models raised an important question: could their powerful
learned prior of the natural world be adapted for other tasks without retraining? Two
papers explored this possibility: DDRM [44] and DDNM [45]. They guided a pre-trained,
unconditional model using mathematical properties of the degradation process (blur and
downsampling). At each denoising step, they force the model to stay consistent with the
LR input, while reaping the bene ts of the model's pre-trained knowledge. This “zero-shot”
approach demonstrated that it was possible to achieve strong performances without requiring
additional ne-tuning or retraining.

2.3.4 Tackling Inference Speed

Another drawback of diffusion models is their slow inference time, which requires hundreds
or thousands of denoising steps. To address this, ResShift [46] fundamentally redesigned the
underlying Markov chain. Instead of starting from pure noise, it learns to transition directly
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from the LR image to the HR image. Subsequently, a drastically shorter number of steps
(e.g. 15) is needed, as the model essentially takes a shortcut, starting its generative journey
from a point already rich with information rather than from pure noise. Pushing this idea to

its limit, SinSR [47] employs a technique known as knowledge distillation. It trains a more
ef cient "student" model that could mimic a pre-trained "teacher" model. The student should
reproduce the teacher's output in just a single inference step. With this powerful technique,
they achieved ultra-ef cient high-quality SR.

2.3.5 Hybrid Architectures and Leveraging Pre-trained Models

A particularly impactful, more recent trend is the adaptation of foundation models.  StableSR
[48] leverages the powerful prior of the large, pre-trained text-to-image model Stable Diffusion
for super-resolution. It freezes the pre-trained model and trains only a lightweight time-
aware encoder to inject the LR image's information at each timestep. This key innovation
constrains the model to accurately represent the information in the LR image, thereby limiting
hallucinations. In contrast, other research does not rely on pretrained models but focuses
on a novel hybrid design, combining the power of two of the most relevant architectures:
Transformers and Diffusion. HI-Diff [49], for instance, employs a diffusion model to generate
a compact latent prior, which the downstream transformer utilizes to perform the primary
restoration task. The goal is, once again, to inherit the best of both worlds: diffusion's
generative advantages and the more trustworthy detail preservation of transformer models.
A novel reimagined latent diffusion process was introduced with  Refusion [50]. Instead of
the hard to train VAE-GAN typically used in LDM, it uses a U-Net based encoder-decoder
architecture. Skip connection allows the U-Net architecture to preserve ne-grained details
that are often lost in compression steps. Most diffusion models are due to computational
limitations not suitable for running on edge devices. BI-DiffSR [51] addressed this challenge
with a techniqgue commonly referred to as binarization. Binarization is an extreme form of
model compression that had not previously been successfully adapted for diffusion-based
super-resolution. This innovation enables high-quality SR inference on resource-constrained
hardware. This overview covered the most noteworthy general-purpose diffusion models.
Diffusion models tailored to remote sensing will be discussed in the next section.

2.4 Super-Resolution in Remote Sensing

Although the fundamental mechanics of super-resolution also apply in the remote sensing
space, there are some extra challenges to overcome. Satellite data can exhibit quite different
properties than normal ground imagery. While standard super-resolution datasets work with
RGB images, satellites have sensors that can capture a broader spectrum than the visible to
the human eye. Multispectral satellites commonly can capture band counts ranging from 3 to
15 bands, while hyperspectral satellites can be equipped with hundreds of different channels.
There are several strategies for handling this complex data for super-resolution, including
upscaling each band individually or building models that utilize correlation between multiple
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bands for improved results. Commonly, satellite data is stored in a high dynamic range
format, such as 16-bit integers, which requires more profound normalization strategies (as
discussed in Section 3.1.3) than typical 8-bit images. This section reviews key research in
the remote sensing domain, from the development of specialized datasets to speci c model
designs that work on Earth observation data. For a broad overview, recent surveys by Liu et
al. [52] and Qi et al. [53] provide detailed descriptions of the eld.

2.4.1 The Landscape of Datasets and Benchmarks

The development of effective SR models is dependent on the availability of high-quality
training and evaluation data. A still common approach is using a simple degradation model,
such as bicubic, to create LR images from satellite tiles. However, to achieve the best results
on real-world data, it is advisable to use datasets that model a more complex relationship
between their LR and HR pairs. A recent trend is to leverage different sensors with varying
spatial resolutions from multiple satellites to create a cross-sensor dataset. Creating such
a dataset is extremely dif cult, as it is hard to perfectly align the low-and high-resolution
image pairs. For instance, a valid pair requires that the images be captured in a similar time
frame, from sensors with similar angles, and with matching spectral bands. Several projects
have addressed this challenge with different approaches.

To provide real-world training pairs, the SENVEN pyS dataset [54] leverages the VENuS
satellite to provide 5m ground truth, pairing them with 10m Sentinel-2 patches. They
utilize the substantial overlap of spectral bands between those sensors and apply the same
atmospheric correction processor to both, ensuring high radiometric consistency, meaning
that both sensors capture similar brightness levels for the same surfaces. The capture time
difference also never exceeds 30 minutes, and most of the time, it is even under 10 minutes.

For multi-image super-resolution (MISR), two distinct needs emerged: the need for large-
scale training data and the requirement for realistic evaluation metrics. Covering 10,000 km,
WorldStrat [55] provides a massive, globally diverse training dataset by pairing Sentinel and
Spot 6/7 imagery. One of its main focuses is a wide variety of different land-use types. The
high ground sampling distance (GSD) Proba-V challenge [56] provided a realistic benchmark
for upscaling from 300m to 100m. The dataset was later re ned by Proba-V-ref [57]. Providing
a comprehensive protocol for cross-sensor evaluation, MuS2 [58] combined Sentinel-2 and
WorldView-2 Imagery to address the need for realistic MISR benchmarks.

A major limitation of cross-sensor datasets is the scarcity of high-quality, overlapping image
pairs. A clever hybrid solution presented by the SEN2NAIP dataset [59] is rst learning
a realistic degradation model from a small set of real Sentinel-2 and high-resolution NAIP
aerial imagery. Using this degradation model, it generates a massive, realistic synthetic
training set. Utilizing Sentinel-2 paired with NAIP, SPOT, and VEN uS, the OpenSR-test
[60] framework provides a selection of curated cross-sensor tests. Together with their novel
evaluation protocols focused on correctness, synthesis, and consistency, they introduced a
comprehensive evaluation suite for remote sensing super-resolution.

In this thesis, we decided against cross-sensor datasets, focusing instead on single-sensor
data for consistency. In particular, we generated our datasets pairs for our Sentinel-2 (Section
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3.1.1) and our VENUS (Section 3.1.2) datasets by degrading them at runtime.

2.4.2 Evolution of Models for Remote Sensing Super-Resolution

Early deep learning approaches for remote sensing SR often focused on adjusting existing
CNN architectures, while current methods employ transformer and diffusion architectures.
One of the pioneering models for multi-frame super-resolution was HighRes-net [61], which
introduced a recursive fusion architecture that can process an arbitrary number of low-
resolution views. A pure transformer architecture speci cally adapted for remote sensing
SR is the Top-k Token Selective Transformer (TTST) [62]. With the goal of selecting only
the most relevant tokens, it introduces an ef cient attention mechanism that thereby ignores
redundant information. While transformer architectures continue to evolve into highly
effective models, the eld has also seen a surge of research into diffusion-based models. These
have shown great promise in generating realistic, high-frequency details, representing an
alternative and rapidly developing approach to the problem. A key model in this area, and
one that is central to this thesis, is EDiffSR [8]. It was designed speci cally for ef cient SR of
remote sensing images. To reduce the high computational cost of typical diffusion models, it
replaces the standard U-Net denoiser with its own lightweight alternative. It also proposes a
dedicated module to extract a more informative prior from the low-resolution image, boosting
performance. The speci ¢ architecture of EDiffSR and its adaptation for our work are detailed
in Section 3.2.5. Satellite imagery is known to contain diverse yet recurring ground features.
The Heterogeneous Mixture of Experts model [63] was proposed to leverage this property. It
utilizes a set of specialized sub-networks with different con gurations, organized into expert
groups, to focus on different types of ground objects. A two-step router adaptively selects the
most suitable experts for each pixel, leading to a more effective reconstruction. The trend of
leveraging large foundation models has also reached remote sensing, with DiffusionSat [64].
Being able to condition it on metadata, such as geolocation and timestamps, makes it powerful
for a variety of downstream applications, including SR. Fusing information from different
temporal images is another novel multi-image SR approach shown by SatDiffMoE [65]. The
condition mechanism also feeds the LDM with the relative time difference between the image
capture times, to consider them. The primary focus of the Trustworthy Super-Resolution
model [66] is the correctness and reliability of its results. They adjusted the conditioning
process of the LDM framework to achieve better spectral consistency. Using the probabilistic
nature of DDPMs they generated pixel-wise uncertainty maps for each SR image.

Despite all these advances, super-resolution is still in its early days. Many foundational
breakthroughs have only happened in the last few years, and the research in the eld is just
getting started. While overall image quality has improved substantially, there are still many
limitations that need to be solved. Especially, super-resolution in the remote sensing domain
is still quite niche, with only a few contenders developing models that are tailored to satellite
data. Seeing the massive potential of this domain, this thesis contributes to the growing eld
by providing a detailed comparison of relevant super-resolution models and by highlighting
their impact on downstream applications.
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3.1 Datasets

A central goal of this thesis is to develop robust super-resolution models working on real-
world satellite data. To this end, we employ two distinct satellite sensors, allowing us to
evaluate model performance across different spatial resolutions, spectral bands, and sensor
characteristics. The main two spatial upscaling scenarios we focus on are 20m-to-10m, using
Sentinel-2 imagery, and 10m-to-5m using the high-resolution VENUS satellite.

Our approach is designed to be band-agnostic, focusing on single-channel super-resolution.
The models we train need to excel at upscaling single-band data by treating them as grayscale
imagery. If a band is in the visible spectrum or the Short-Wave Infrared (SWIR) should be
irrelevant to the models, which is why both datasets are based on a variety of different bands.
Creating our High-Resolution (HR) and Low-Resolution (LR) dataset pairs on different bands
prevents the model from over tting to characteristics of a single band.

The models are also required to handle a key characteristic of scienti ¢ satellite data: 16-bit
data depth. Although, a standard 8-bit dynamic range can only differ between 256 intensity
levels, 16-bit data provides an expanded range of 65.536 values. This extended range presents
a set of unique challenges: Standard monitors can only display 8-bit imagery, making it
impossible to perceive the full depth of the image. Additionally, the majority of computer
vision tools were only developed to support RGB 8-bit images. In Section 3.1.3, we will go
in-depth about the challenges of normalizing 16-bit data.

3.1.1 The Sentinel Dataset: Upscaling from 20m to 10m

The primary dataset for this thesis uses imagery from the Sentinel-2 mission [2] [67], a key
component of the European Union's Copernicus Programme. The core of the mission is
employing two identical satellites (Sentinel-2A, Sentinel-2B) that operate in the same sun-
synchronous orbit and capture high-resolution optical imagery. In 2024, a third satellite
(Sentinel-2C) joined the constellation and will replace the already 10-year-old Sentinel-2A in
the foreseeable future. With its high revisit frequency of 5 days at the equator, its high spatial
and spectral resolution, and its free and open data policy, Sentinel-2 is widely used in remote
sensing research and various applications. [68]

The mission's main objective is systematic global land monitoring, with a focus on envi-
ronmental applications, including forest, agriculture, and land cover change detection [69].
To achieve this, Sentinel-2 satellites are equipped with the Multispectral Instrument (MSI),
a sensor that captures data across 13 bands, in a wide spectral range [70]. Three different
spatial resolutions are employed to support the different bands:
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» 10 meters: The four bands at the highest resolution include the three standard visible
bands (Blue, Green, Red) and a Near-Infrared (NIR) band.

» 20 meters: Six bands are available at this resolution: Four narrow bands track the Red-
Edge portion of the spectrum, commonly used for vegetation detection and monitoring.
The remaining two bands work in the Short-Wave Infrared (SWIR) bands.

» 60 meters: Three lower resolution bands are used for atmospheric correction and cloud
screening.

For our super-resolution task, we only worked with the 10m and 20m bands, disregarding
the 60m options.

Figure 3.1: Overview over the different Sentinel 2 bands. Reproduced from [70].

Creating the Sentinel Dataset

To enable a stable training and a fair evaluation, we split our dataset into a dedicated training
set and an extensive evaluation set. For training, we selected 10 Sentinel-2 tiles distributed
over Europe, with the goal of capturing its diverse environments. To this end, we tried
to represent a wide range of land cover types, including urban areas, forests, coasts, and
agricultural areas. For correct evaluation of the models capabilities, our validation set was
completely distinct from our training set, containing 10 tiles from around the world. The
idea here was to capture the even bigger variety of different continents and track the model's
real-world generalization capabilities over previously unseen scenarios. The geographic
distribution of the selected tiles for training and validation set are illustrated in Figure 3.2.

The Sentinel tiles were selected using the Copernicus browser [71] and fetched through
DLR's internal Sentinel-2 database. Only tiles with less than one percent cloud coverage were
accepted, in order to minimize artifacts affecting the image quality. We selected the L2A
versions of tiles since they already include atmospheric correction and remove unwanted
in uences such as haze, aerosols, and water vapor.

For our 2x super-resolution task, we generated High-Resolution (HR) and Low-Resolution
(LR) image pairs from the four 10-meter bands of each selected tile. The original 10-meter
resolution data served as the HR ground truth. The corresponding LR images were created
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Figure 3.2: Overview over the locations of Sentinel tiles selected for the trainings and valida-
tion sets.

by 2x downscaling the HR images using Python Imaging Library's (PIL) bicubic interpolation
[72]. Following the degradation, the full-tile images were divided into non-overlapping
256x256 pixel patches for the HR set and corresponding 128x128 pixel patches for the paired
LR images. With a 10-meter Sentinel-2 tile having dimensions of 10980x10980 pixels, this
patching strategy yields a total of 7,056 HR/LR pairs per tile (1,764 patches for each of the
four bands). Consequently, both our training set and our validation set consist of 70,560
image pairs.

It is important to note that using a single, known degradation kernel like bicubic interpola-
tion is a common but simpli ed approach. For future work, employing more complex and
varied degradation models that better simulate real-world sensor effect, such as blur, noise,
and compression artifacts could lead to models with even greater robustness [24]. However,
due to the time constraints of this thesis, this was considered out of scope.

The raw 16-bit data from the Sentinel-2 tiles was normalized using a per-tile percentile
clipping method. This approach was chosen to handle the sensor's wide dynamic range
while mitigating the impact of extreme outliers. A more complete discussion of this strategy,
its bene ts, and its limitations is provided in the normalization technique Section 3.1.3.
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3.1.2 The VENuS Dataset: Going from 10m to 5m

To complement the 20m-to-10m super-resolution task, and to further test model robustness
and generalization, we added a second dataset to work with a spatial gap of 10m-to-5m.
This dataset is based on imagery from the Vegetation and Environment monitoring on a
New Micro-Satellite (VEN uS) mission [73]. VENUS is a French-Israeli satellite launched in
2017 providing high-resolution observations over many sites worldwide with a very high
revisit frequency of two days. The single sensor powering the VEN uS mission, the VSSC
(VENpS SuperSpectral Camera), captures 12 bands with a high resolution of 5m ground
sampling distance. A key advantage of the VEN pS satellite for this work is the close spectral
correspondence of its bands with those of Sentinel-2 [54], an interesting property for the
generalization of our models to both datasets. This spectral overlap is illustrated in Figure
3.3.

Figure 3.3: Overview of the spectral overlap of VEN uS and Sentinel-2. Reproduced from [54].
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Creating the VENuS Dataset

The data was sourced from the SEN2VENUS dataset, which provides co-registered Sentinel-2
and VEN uS image pairs [54]. For our task, we utilized the 5-meter bands from the VEN uS
imagery to serve as our High-Resolution (HR) ground truth. The corresponding Low-
Resolution (LR) images, at 10-meter GSD, were generated by downscaling the 5-meter HR
VENUS data by a factor of two. To degrade the images, we used the same method as for the
Sentinel-2 dataset: PIL bicubic [72], in order to ensure methodological consistency. The data
was then partitioned into 256x256 pixel HR patches and 128x128 pixel LR patches.

Unlike the tile-based split of the Sentinel-2 data, the VEN uS dataset was partitioned based
on geographic location sites. The training set, comprising 849,458 HR/LR pairs, was created
from a majority of the available sites. The remaining four sites were used to create a distinct
validation set with 118,292 LQ/HR pairs. This site-based separation ensures an evaluation of
model performance on unseen geographic locations. The distribution of these training and
validation sites is shown in Figure 3.4. A representative subset of the validation pool was
then sampled for use during the training epochs.

Figure 3.4: Overview over the locations of VEN uS Sites selected for the trainings and valida-
tion sets. [54]

For the VENPS data, a per-patch min-max normalization was applied. An explanation
for this approach, along with a detailed analysis of different normalization strategies, is
presented in the following subsection.
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Figure 3.5: Comparison of Sentinel-2 normalization methods on three patches from the same
tile, showing how different strategies affect image contrast and structural visibility.
The ranges in brackets indicate the minimum and maximum pixel intensities used
for each normalization.

3.1.3 The Challenges of Data Normalization for 16-bit Satellite Imagery

An essential preprocessing step for computer vision models is data normalization to a suitable
format. Typically, the pixel values of an image get transformed into a standard range of
[0, 1]. Figure 3.5 provides an overview of the linear normalization methods discussed in this
section, using three different 256x256 patches from the same Sentinel-2 tile with varying pixel
intensity ranges.

Bit-Depth Normalization by Division

While the trivial approach of dividing pixel intensities  vj, by their dynamic range D (e.g. 255)
works ne for 8-bit data, it breaks down for scienti ¢ 16-bit satellite data.
Vout = ‘% (3.1)

Sensors from satellites like Sentinel or VENUS capture only data with a 12-bit radiometric
resolution, but store them in 16-bit numbers with a full range of [0, 65.535]. This leads to
the actual data being stored in a small portion of the full range. Another challenge is that
pixel intensities can appear in varying, non-uniform regions of the 12-bit range, making a
xed divisor approach ineffective. In Figure 3.5 we can clearly witness that the xed divisor
approach leads to completely dark images, as the Sentinel-2 data only lies in a small fraction
of the full bit-depth range.
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Min-Max Normalization on Full Satellite Tiles

Since we are working with full satellite tiles, the next naive approach would be to calculate
the min (mt) and max (M) pixel values and normalize all tile pixels ( vi,) with these statistics,
to achieve the output values (Vout):

Vin Mt
Mt mt
While this technique is already a big improvement over the xed divider strategy, it still
struggles with a common characteristic of satellite data: outliers. Outliers can often happen
due to super re ective surfaces, like snow, clouds, water, or man-made materials. This
leads to extremely bright hotspots that can skew the min-max range drastically. Once again,
the meaningful information of the image is compressed into a tiny portion of the resulting
[0,1] range. This effect is clearly visible in Figure 3.5, where a tiny but extremely intensive
highlight in the right patch skews the scaling, leading once again to dark images with no

visible information in the other patches.

But what are the consequences of this narrow relevant range? It can hinder training
progression and evaluation corruption. The most popular super-resolution loss function,
named L1 loss, is based on the mean absolute error (MAE), which is directly affected.
Meaningful pixel differences in the narrow range lead to small MAE values and are weighted
less than irrelevant outliers with massive error gaps. But also other algorithms relying on
MAE are affected: In preliminary tests, we observed unrealistically high PSNR values around
60 dB when employing this normalization strategy. Due to the extended range, the mean error
in the relevant areas gets arti cially small, leading to better but unrepresentative pixel-wise
metrics.

Vout = (3.2)

Our Solution for Sentinel-2 Tiles: Percentile Clipping

The solution we used for our Sentinel-2 dataset was percentile-clipping, a common approach
in the remote sensing community. The idea is calculating a low percentile ( pjow) and a high
percentile (phign), for example, the 1st and 99th percentiles, and then normalizing the pixels
values (vi,) using these boundaries:
— Vin  Piow
Vout Phigh  Plow (3:3)
Information outside of this range is clipped to the normalization range of [0, 1]:

Vout = mMin max(Vout, 0), 1 (3.4)

For our Sentinel-2 usecase, we opted for a more conservative range of Oth and 99.5th
percentile, to retain as much valuable information as possible without skewing the range.
This approach eliminates most of the harmful outliers and solves the previous mean absolute
error issues. After applying percentile clipping, for the rst time we can clearly see the
full image in Figure 3.5. However, in the left patch the large highlight is clipped, as can be
observed by comparing it to the patch min—-max normalization result in the graphic.
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Non-Linear Normalization Alternatives

It is worth noting that alternative, non-linear normalization methods exist, such as logarithmic
scaling or histogram equalization. These techniques can minimize information loss compared
to percentile clipping. However, they fundamentally alter the original data distribution, re-
moving the originally linear relationship of pixels. This introduced transformation complexity
could have unwanted effects on the model's learning abilities, which is why we went with
the simple and effective technique of percentile clipping. Research by Kadunc et al. [74] has
shown that linear clipping methods can outperform more complex non-linear transformations
for downstream tasks on satellite data, reinforcing our choice.

Our Solution for VENUS Patches: Per-Patch Min-Max Normalization

As we didn't have access to full VEN pS tiles, we had to opt for a different normalization
strategy. We implemented a per-patch min—max normalization. For each HR/LR pair, the
minimum ( myr) and maximum ( MyRr) pixel values were rst calculated from the High-
Resolution (HR) patch (256x256). These calculated statistics were then applied to normalize
both the pixels (vij,) from the HR patch and its Low-Resolution (LR) counterpart (128x128):

Vin  MH{R

_ 3.5
Muyr  Mur (3:5)

Vout =

The main disadvantage of this approach is losing the global context of the absolute
brightness values of a patch in comparison to its surrounding scene. Meaning that every
patch contains data lling the entire [0, 1] range. Additionally, some rare patches might still
be affected by outliers. The effect is clearly visible in 3.5, where the right patch is once again
skewed by the extreme highlight, while the other image patches look decent. On the positive
side, no information is lost in this normalization process.

The Perfect Normalization Approach?

Ultimately, we highlighted in this section that there is no single, perfect normalization
method for 16-bit satellite data. Each strategy we highlighted here has its own strengths and
limitations. We found that there is an inherent tradeoff between global radiometric context
and local contrast handling.

We view the difference between the normalization strategies of our two datasets as an
additional form of data augmentation. Forcing our models to train both on percentile clipped
patches from Sentinel and per-patch min-max normalized VEN uS patches helps our model
to be more robust across different datasets. This also aligns with our overarching goal of
developing versatile and robust satellite super-resolution methods, working on different
spatial resolutions and with decent generalization across other satellite sensors.
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3.2 Adapting the Super-Resolution Models

In this section, we look into the four super-resolution models selected for our study: SwinIR,
MAT, PFT, and EDiffSR. While the rst three rely on transformer architectures, EDIffSR is a
diffusion-based generative model. To make these models work with our satellite data, we
had to make substantial adaptations, as they were initially built for 8-bit natural RGB image
datasets such as DIV2K [75].

With the goal of enabling a fair comparison, we established the same data loading, training,
and validation pipeline for all models. This required different levels of modi cations to the
code base of each method.

In the following subsection, we rst look at the core adaptations and data handling
strategies shared by all models. We then discuss each method individually, highlighting both
its unique functionality and any additional adaptations necessary for compatibility with our
Sentinel-2 (Section 3.1.1) and VENWS datasets (Section 3.1.2).

3.2.1 Core Architectural Adaptations and Data Loading

Since SwinlR, MAT, PFT have implementations on a similar version of BasicSR [76], a
popular super-resolution toolkit, most adaptations for these models were easily synced
across codebases. While EDIffSR also contains parts of an older BasicSR version, it had
substantial differences needing extra adjustments. BasicSR uses yml con guration les to
specify trainings and validation settings. One goal of our adaptations was to make all models
compatible with the dataset and validation section of these con guration les. This enabled
us to run the same experiments and training procedures across all models.

To ensure that we created a uni ed data pipeline, we implemented our own custom satellite
data loader, built for both our Sentinel and VEN pS datasets and used for all trainings and
experiments of this thesis. One of its main focuses was correctly handling the 16-bit single-
band data of our datasets by loading and transforming the images into tensors. It could either
work with simple patch directories, relevant for VEN uS, or large satellite tiles by splitting
them at runtime into GT patches. Sentinel tiles could also be fetched at runtime by tile-id.
Working directly with full tiles allowed us to calculate the tile dependent statistics needed for
normalization strategies like tile-based percentile clipping. Our dataloader also implemented
the other relevant normalization techniques explained in Section 3.1.3. For training purposes,
the GT patches were degraded at runtime using bicubic downsampling with PIL to generate
paired LQ patches.

To handle the large image tiles and to process data directly in 16 bit, the dataloader was
optimized to use Rasterio [77] together with Gdal [78] for image reading and transformations.
For a faster data loading process, the loader utilized the extensive RAM capacities of Terrabyte
[79] and imported the entire datasets into memory, before starting the training. The dataloader
returned the required image tensors of GT and/or LQ, along with metadata necessary for
correct denormalization.

Other major adaptations were setting up a 16-bit compatible validation framework, with
runtime validation comparisons between GT, LQ, and SR. These were used to assess model
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performances while training. We also adapted PSNR and SSIM for 16-bit, for more information
about the metrics adjustments, checkout the Sections 3.3.1 and 3.3.2.

For normal inference, it was crucial to denormalize the patches correctly with the metadata
provided by the dataloader. Another necessary functionality for our thesis was setting up full
tile inference. The idea is splitting the full tiles into 256x256 patches in the dataloader and
recombine them after upscaling all patches. We stuck to the default network structure of each
model, except for adjusting the in and out channels from 3 (RGB) to 1 (Grayscale).

In the upcoming sections, we examine each super-resolution model used in this thesis and
describe extra adaptations required.

3.2.2 SwinIR: An In uential Transformer Baseline

SwinIR [5] is one of the most in uential transformers developed for image restoration,
denoising, and super-resolution. Released in 2021, it established transformers as a competitive
alternative to CNNs for super-resolution, sparking a new wave of research in the eld.
Although it is no longer state-of-the-art, it remains a popular baseline for newer models and
continues to achieve decent results.

Figure 3.6: The architectural design of SwinIR. Reproduced from [5].

Architecture

lllustrated in Figure 3.6, SwinIR established the popular super-resolution architecture split
into three modules: Shallow Feature Extraction, Deep Feature Extraction, and HQ Image
Reconstruction.

The Shallow Feature Extractor is a single 3x3 convolution layer at the very front of the
network, with the objective of extracting basic low-frequency features. It converts the input
image into a number of feature maps, which are passed along to the next block and also get
reapplied before reconstruction using a long skip.
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The transformer core of SwinIR is the Deep Feature Extraction module , being the vital part
for the model to reconstruct textures, high-frequency details, and to understand longer-range
dependencies. Architecturally, it is a stack of Residual Swin Transformer Blocks (RSTBs), with
a nhal 3x3 convolution layer for output re ning. RSTB once again contain a sequence of Swin
Transformer Layers (STL), these modules include the two blocks vital for any transformer:
Multi-Head Self Attention (MSA) and Multi-Layer Perceptron (MLP). We explained MSA on
a high level in Section 2.2.1

The real innovation of SwinIR lies in how attention is applied. Instead of calculating the
guadratic scaling MSA over the entire image, it utilizes Window-Based Multi-Head Self-
Attention to only work on 8x8 partitions. To maintain the global context, a clever mechanism
was introduced called Shifted Windows . After every layer, the window partition is shifted by
half a window size, allowing information to ow over multiple layers from one window to
the next. This achieves a combination of global connectivity and ef ciency. A variety of skip
connections were both used in RSTBs and STL for improved data ow.

Combining features from both previous feature extractor modules into an upscaled nal
image is the task of the HQ Image Reconstruction Module . To achieve this, it empowers a
sub-pixel convolution (pixel shuf e) to increase the spatial resolution and combine the feature
maps.

Concepts like the three-part architectural split, the long skip connection, the implementation
of the shallow feature extractor, and the image reconstruction module are still utilized by
many state-of-the-art super resolution transformers.

Adaptations

We used the BasicSR version of SwinlIR, which was included in the MAT repository [80]. All
the major adaptations were based on the core changes detailed in Section 3.2.1. SwinIR was
trained with the default options where possible. For more information on training, look into
Section 3.4.

3.2.3 MAT: A Fast and Competitive Transformer

Released in November 2024, the Multi-Range Attention Transformer (MAT) [6] focuses on
ef cient image super-resolution, particularly with its exceptionally well-performing light
model. But also their classical model with increased network size achieves state-of-the-art
performances. For this thesis, we opted for the classical variant to ensure a fairer comparison
with our other Transformer models.

Architecture

Following the previously introduced three-module structure, the Shallow Feature Extractor
is once again powered by a single 3x3 convolution.

The primary building block of the Deep Feature Extractor is called Residual Multi-Range
Attention Group (RMAG) and encapsulates two more important modules: LAB and MAB.
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Figure 3.7: The architectural design of MAT. Reproduced from [6].

With the goal of capturing local ne patterns and textures, the Local Aggregation Block
(LAB) combines the strength of traditional CNN-style convolution blocks with channel
attention (similar to RCAN [22]). Channel attention weights previously extracted feature
maps dynamically, to remove redundant or unnecessary information.

The heart of MAT is the name-giving Multi-Range Attention Block (MAB) , which has the
goal to capture dependencies across different ranges, from local to global. To achieve this, it
introduces two more attention algorithms: Multi-Range Attention (MA) , which calculates
local attention with multiple window sizes (e.g. 7x7, 9x9, 11x11) at the same time, capturing
details from ne-textures to broader patterns. Global patterns are captured by the Sparse
Multi-Range Attention (SMA) , building on MA by using larger windows, but only capturing
every, e.g 3rd pixel for attention calculations. This sampling using strides keeps performance
ef cient while still capturing context over large areas. The Multi-Range Attention Block
also replaces the typical MLP with its own implementation called MsConvStar, which uses
differently sized convolutions to account for the captured patterns with varying sizes and
learns from them. Additionally, nearly every introduced block utilizes residual connections
to enhance data ow.

The Image Reconstruction Stage is implemented in a similar fashion to SwinIR, by empow-
ering a pixel shuf e to fuse and upscale the outputs of the deep feature and shallow feature
extraction modules.

Adaptations

We already mentioned the MAT [6] repository, which is based on BasicSR [76]. Similarly
to SwinlIR, all major adaptations have already been discussed in Section 3.2.1. We trained
the classical MAT version with the default network parameters and settings. For more
information about training parameters, look into Section 3.4.
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3.2.4 PFT: A State-of-the-Art Transformer

Published in March 2025, the Progressive Focused Transformer (PFT) [7] represents a recent
state-of-the-art model with strong benchmark results.

Figure 3.8: The architectural design of PFT. Reproduced from [7].

Architecture

It once again implements the previously introduced three-module structure, with a single 3x3
convolution acting as Shallow Feature Extractor , and a pixel shuf e upsampling the image in
the Image Reconstruction Stage .

The Deep Feature Extractor leverages a simple structure nearly identical to SwinIR, con-
taining a sequence of Progressive Focused Attention Blocks (PFA Blocks) that encapsulate
several Progressive Focused Attention Layers (PFAL) . The key innovation is the Progres-
sive Focused Attention (PFA) , which replaces the standard MSA block. The problem it
aims to address is limiting computation on irrelevant tokens by introducing Sparse Matrix
Multiplication (SMM), which allows the model to control which tokens to calculate.

How does the model decide which tokens are relevant enough to be computed? It
links attention blocks between layers and only calculates tokens that were important in the
preceding layer. At the rst layer, attention is calculated on all pixels in a larger window
(32x32), which is computationally heavy due to the quadratic nature of attention. The resulting
attention map is forwarded to the next layer, where it serves as a guide for determining which
tokens to recalculate. With a focus ratio of a = 0.5 (common value), only the highest half
of tokens in the map get re ned. The newly calculated attention map is multiplied by the
previous map using the Hadamard product to generate the attention map for the following

26



3 Methodology

layer. Repeating this process across layers progressively sharpens the focus, as irrelevant
tokens get removed early, while meaningful dependencies are reinforced. This enables PFT to
leverage larger window sizes while keeping the computational cost low. PFT also borrows
the shifted window concept from SwinIR, implementing it for every second layer, to allow
communication between windows.

Adaptations

Even though the PFT repository [81] is built on BasicSR [76], it uses a slightly different version
than our other models. Only minor extra adjustments were made to ensure compatibility with
our data pipeline. All major changes were already discussed in Section 3.2.1. We trained the
PFT model with the default network parameters, where possible. A more detailed overview
of training settings can be found in Section 3.4.

3.2.5 EDIffSR: An Ef cient Diffusion Model Designed for Remote Sensing

The nal model included in our comparison is a diffusion-based approach. We were particu-
larly interested in evaluating how such a model would perform relative to our transformer
models. To this end, we searched for a recent and ef cient model so that training times
would be feasible and more comparable to our Transformer alternatives. Our choice fell onto
EDIffSR [8], introduced in October 2023, it was particularly designed for remote sensing, with
exactly the right balance of ef ciency and performance for our comparison.

Figure 3.9: The architectural design of EDIiffSR. Reproduced from [8].

Architecture

EDIiffSR is a Denoising Diffusion Probabilistic Model (DDPM) [4], meaning it improves
resolution through an iterative denoising process. We quickly summarized this process in
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Section 2.3.1. The three main components of EDIiffSR's architecture are the in Figure 3.9
illustrated Conditional Prior Enhancement module (CPEM), the Ef cient Activation Network
(EANet), and the Optimization/Reverse Diffusion Process.

Most famous super-resolution diffusion models (such as SR3 [42]) condition the denoiser
only on a bicubic-upsampled LR image, which provides blurry and low-detail guidance.
EDIiffSR addresses this limitation with its Conditional Prior Enhancement Module (CPEM) ,
which fuses the original LR image, its bicubic upsampling, and additional noise through
convolutions and channel attention. The resulting feature maps preserve structural cues and
textures, providing the diffusion process with higher-level information than just a blurry
image.

Commonly, a heavy U-Net plays the role of the denoising backend for many diffusion
SR models (such as SR3 [42]), but EDIiffSR replaces it with a much lighter, faster network,
which it names the Ef cient Activation Network (EANet) . Although the EANet inherits
many properties from its big U-Net brother, such as the encoder-decoder architecture with
skip connections, it introduces its lightweight Ef cient Activation Block (EAB)  as an alterna-
tive to the typical heavy residual/attention blocks. EAB empowers Multi-Scale Depthwise
Convolutions, parallel convolution with different kernel sizes (e.g. 3x3, 5x5, 7x7), to capture
ne details and broad regional context. Additionally, it uses Simple Channel Attention (SCA),

a lightweight version of RCAN [22] attention, to weight the relevance of resulting feature
maps. A simple gating operation ensures that only meaningful signals are preserved before
the output data gets fused using a pointwise convolution.

In the Optimization and Reverse Diffusion Process stage, EDIiffSR introduces several key
improvements over prior diffusion-based SR models. It employs a mean-reverting SDE to
stabilize the reverse process and is particularly well-suited for super-resolution tasks. The
model is trained not only with a standard noise-prediction loss but also with a maximum
likelihood objective, improving stability and delity. Additionally, conditional information
from CPEM is injected throughout the denoising process, forcing the models to stay consistent
with its input. EDIiffSR also commonly employs a low amount of 100 diffusion steps.

These three main components improve the ef ciency and performance of EDIiffSR signi -
cantly: In the EDIiffSR paper [8], the authors report that their Ef cient Activation Network
(EANet) contains only 26M parameters compared to 137M in IRSDE's [82] U-Net, and achieves
up to 7 times faster inference than SR3 [42]. Notably, EDIiffSR still outperforms both SR3
and IRSDE in perceptual quality, achieving superior FID scores across multiple benchmark
datasets. The parameter counts and inference speeds of our adapted models are displayed in
Table 4.1, and deviate from their original RGB parent.

Adaptations

While EDIffSR [8][83] utilizes some components of the BasicSR framework [76], we had to
make signi cant adaptations across the entire codebase to provide the same features and
functionality as our other models. Some of the most signi cant adjustments were rewriting
the training script to be compatible with multiple datasets, connecting our custom metrics and
tracking them correctly to TensorBoard, reintroducing our visualizations, and adding extra
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settings for inferring full satellite tiles. We also had to make adjustments to our dataloader
and to the way the YAML options les were loaded. For a detailed overview of the settings
and learning rates we used for training EDIiffSR, look into Section 3.4 and Section 3.4.1.

3.3 Evaluation Methods on Super-Resolution

Super-resolution models aim to generate visually plausible high-resolution images from
low-resolution inputs. But how can we reliably assess the quality of these upscaled images?
Visual inspection is highly subjective and time-consuming. We need quantitative metrics that
can ef ciently evaluate large numbers of upscaled images and allow objective comparison
between different SR techniques. Evaluating image quality with a single number is impossible,
as different models emphasize different strengths. One model might prioritize staying true
to the original low-resolution input, while another competitor shifts the focus towards
generating perceptually realistic outputs. This is why multiple metrics are needed, each with
distinct purposes, strengths, and limitations. Improving one metric often comes at the cost of
another. Pixel-wise metrics such as PSNR [9] or SSIM [10] require a ground truth for each
upscaled image. By comparing these pairs, we can measure the reconstruction delity of
a model. Perceptual metrics have the advantage of not needing a ground truth, and often
try to assess the perceptual quality or naturalness of an image. To achieve this, they rely on
reference images, precalculated statistics, or pretrained models. These metrics are particularly
important for evaluating real-world super-resolution tasks, where a ground truth reference
image is typically unavailable: Otherwise, upscaling would have no purpose. In this thesis
we used FID [11] and NIQE [12] as perceptual metrics.

A common theme is to combine pixel-wise and perceptual metrics to obtain a comprehen-
sive evaluation of super-resolution models. In the following subsections, we describe the
metrics relevant to this thesis and discuss how we adapted them for our remote sensing use
case.

3.3.1 Peak Signal-to-Noise Ratio (PSNR)

The most widespread method for evaluating imagery in the eld of super-resolution is the
PSNR [9]. It directly compares each pixel value of a super-resolved image (SR) with its
ground truth (GT) using the mean square error (MSE).

1 g8 o 2
MSE mifziljc'ill('GT(hJ) Isr(i, 1)) (3.6)

[(i,]) returns the pixel intensity of the respective image at position i and j. In this thesis, W
(image width) and H (image height) are always 256, as we work with 256x256 GT images.
The PSNR is computed using the MSE and D, which stands for the maximum pixel intensity.
For 16 bit images D would be 65,535.

2

PSNR= 10 log,, MSE

(3.7)

29



3 Methodology

Higher PSNR values correspond to super-resolved images that are closer to the ground truth.
PSNR is computationally cheap, making it attractive for validation during training. Some
limitations of PSNR are that it is very sensitive to small misalignments, which can lead it to
favor overly smooth or blurry images.

For our special data, we adapted PSNR to work directly on tensors ranging from 0 to 1,
ensuring that it works as intended on 16-bit single-band data.

3.3.2 Structural Similarity Index Measure (SSIM)

While PSNR provides a straightforward measure of pixel-wise differences, it often fails to
capture perceptual quality. To address this, PSNR is commonly paired with SSIM [10], a
metric that evaluates structural similarity between images. The idea is that visual perception
is more sensitive to structural changes rather than absolute pixel differences. The SSIM is
calculated locally, on small windows and then gets averaged across the whole image. These
windows (typical size 11x11) are introduced to capture local structural differences rather than
global averages. SSIM compares three different components of image patchx with the GT
patch y: luminance I(x,y), contrast c(x,Yy), and structure s(x,y). These three comparisons are
weighted with a, b, g and multiplied together.

SSIM(x,y) = [1(x,V)]* [e(x, 1" [s(x,y)]° (3.8)

Commonly, all parameters are weighted equally a = b = g = 1. Cl1 = (kL)% C2 =
(k2L)?,C3 = Cy/ 2 with constants ki, ks and the dynamic pixel intensity range L, are small
variables that are used to prevent division by zero. The luminance component compares the
average pixel intensities of both patches: m, my,

2mimy, + C;

I(x,y) = W (3.9

Using the standard deviation of the pixel intensities: sy, sy SSIM checks if the contrast is
preserved.

——— A
sZ+ s7+ Gy (3.10)

c(x,y) =
The structural component utilizes the covariance of the two patches sy, to measure whether
the patterns and edges align between the two images.

Sxy + C3

— 3.11
sty + C3 ( )

s(x,y) =
SSIM values range from 0 to 1, with 1 being a perfect match. Although it aligns better with
human perception, it can still be fooled by unnatural artifacts and is more computationally
expensive than PSNR.
Our adaptation worked once again directly on normalized tensors with pixel range L = 1.0,
to ensure compatibility with 16-bit. The SSIM constants were set to standard values: k; =
0.01,k; = 0.03, and also a window size of 11x11 was implemented.
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3.3.3 Fréchet Inception Distance (FID)

Pixel-wise metrics like PSNR and SSIM focus on reconstruction delity and are reliant on a
ground truth to function. In contrast, FID [11] evaluates images without requiring a paired
ground truth. It does this by comparing the statistical distribution of features extracted from
generated and real images, focusing on perceptual realism rather than exact pixel accuracy.

In order to obtain these features, FID utilizes a pretrained feature extractor neural network,
commonly Inception-V3 [84]. After passing through the network, the output of a high-level
layer is extracted, resulting in a feature vector representing the semantic and structural
content of the image.

For a set of N real images, we compute the mean m and the covariance S; of their feature
vectors.

1
m = N.a f(xi), (3.12)
1_ \
S = A () m(fe) m) (3.13)
i=1

For the generated image setm,, Sq are calculated in the same manner. The Fréchet Inception
Distance (FID) is then computed as follows:

FID=km mk3+ Tr S;+ Sy 2(S,Sg)Y? (3.14)

Lower FID values indicate that the generated images are closer to the distribution of real
images, and thus appear more perceptually realistic. While no paired ground truth is required,
a set of realistic images, is still needed to use FID. Additionally, for the best results it is
advised to use a symmetric number of images for the realistic and generated set.

Adaptations

FID was developed for RGB 8-bit ground images, which have fundamentally different
properties to our 16-bit single band satellite images. So we had to implement some major
adaptations to BasicSR [76] FID implementation. We decided against retraining our own
satellite feature extractor and stuck to the petrained InceptionV3 model [84], as retraining is
beyond the scope of this thesis and is not commonly done in related works. To transform our
16 bit single band data into the correct format that InceptionV3 expects, we've duplicated
our grayscale image to 3 channels, normalized the 16 bit data into the expected range of
[ 1,1]. Additionally we activated InceptionsV3 resizing feature, which bicubic upscales our
256x256 patches to 299x299, the dimensions the model expects. We worked with oating-
point precision where possible to preserve the 16-bit image information. To run FID on large
amount of images, we build our own data loading, and execution pipeline.

Despite the adaptations we had to make, FID remains a valuable metric for comparing the
perceptual quality of different models.
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3.3.4 Naturalness Image Quality Evaluator (NIQE)

Although FID compares generated images to a set of reference images, NIQE [12] is a no-
reference image quality metric that does not require real images or a paired ground truth
for evaluation. Its goal is to measure the naturalness of an image by comparing its statistical
properties to those of a model trained on “pristine” images: images that exhibit natural
statistical properties.

The main steps are summarized below. First, the image is normalized using the Mean
Subtracted Contrast Normalized (MSCN) transform:

foon 1)) L)
I(i,j) = “sij+c (3.15)
where I(i, ) denotes the pixel intensity at location (i,j), n(i,j) and s(i, ) are the local mean
and standard deviation computed over a local window, and C is a small constant to avoid
division by zero. In simple terms, this step removes the local brightness and contrast variations
in the image as a preprocessing step, so that the following analysis does not get distracted by
global lighting differences.
The distribution of the MSCN coef cients is modeled using the Asymmetric Generalized

Gaussian Distribution (AGGD). The key parameters are estimated as follows:

g= —, r= —A (3.16)

s. and sg are the standard deviations of the negative and positive coef cients and N is the
number of coef cients in the patch. These parameters summarize the local statistical behavior
of the image: g captures the asymmetry between bright and dark regions, and r helps to
describe the "peakedness" or spread of the distribution. These parameters provide a compact
representation of the statistical structure of image patches. For each image, we collect these
parameters from multiple overlapping patches and concatenate them into a single feature
vector.

Finally, the NIQE score is computed as the Mahalanobis distance between the feature vector
of the test image and the reference pristine model:

S

NIQE = (m m)T

S¢+S, !

> (m m), (3.17)

where (m, Sg) are the mean and covariance of the test image features, and(m, S;) correspond
to the values of the pre-trained reference model.

This step measures the difference between a test image and the pristine images that were
used to train the model. Smaller NIQE values indicate that the image's local statistics are
closer to those of natural images, so should have a higher perceived quality.
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Adaptation

To make NIQE work for our domain, we build our own Python implementation using a
repository from nuniniyujin [85] ( xed version of guptaprafal [86]) and the BasicSR version
[76]. We implemented two pipelines, one for evaluating images with a pretrained model, and
a pipeline to train our own custom satellite optimized models. In experiment Section 4.2
we will compare the pretrained NIQE models with our custom trained versions. A primary
focus was working directly on oats with the goal of reaping the bene ts of the full 16-bit
guality range. In order to stay compatible with other pretrained models we stuck to a oat
value range from 0.0 to 255.0. Input images, for both training and evaluation, were divided
into non-overlapping patches of size 96, a requirement by many NIQE implementations. The
evaluation pipeline accepted the same dataloading process as FID, and aggregated a simple
average NIQE score over the model, using a trained model. The training pipeline generates
a Matlab le, containing the trained models feature vectors, as expected from other NIQE
implementations.

3.4 Training Details

All experiments and training were computed on the Terrabyte servers [79], a service built
by LRZ [87] in collaboration with the DLR [88]. It provides computing nodes equipped
with NVIDIA A100-SXM4-80GB GPUs, enabling us to train multiple models in parallel.
Additionally, we were able to leverage the large RAM Capacity of the cluster by loading our
entire datasets into memory, signi cantly improving data processing speeds. To support the
models' codebases, we used Mamba environments [89]. The PFT model was developed with
Python 3.9 and PyTorch 2.5 [90], while the other models were compatible with Python 3.10
and PyTorch 2.2.2.

As one of our goals was to evaluate the models on different spatial resolutions, we trained
them on three distinct dataset mixes. The rst set of models focused exclusively on the
20m! 10m upscaling task using the pure Sentinel dataset (discussed in 3.1.1). In contrast,
the models trained on VEN uS (Section 3.1.2) optimized for the 10m! 5m domain. The nal
training setup combines these two approaches by using the previously trained Sentinel model
and ne-tuning them on VENpS.

While training, we equipped the models with generous validation and test packs. A Sentinel
subset of 5,000 images was used in all training con gurations to evaluate performance on
metrics like PSNR and SSIM. For models trained or netuned on VEN uS, a validation pack
of the same size was added for 10m to 5m performance tracking. Additive small test sets for
native sentinel upscaling were introduced for visual assessment of model performance. Due
to the slower inference of EDIiffSR, we restricted runtime validation to 500 images per pack.

We used TensorBoard to plot PSNR and SSIM over the course of training, helping us identify
when the models had clearly converged. After training, the best-performing checkpoints
(based on PSNR and SSIM) were selected for further experiments and tests. Figure 3.1 shows
an overview of the trainings iterations employed for each model.
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Dataset Model Warmup lterations Total lteration Experiment Iterations
SwinlR 0 500k 240k
Sentinel MAT 0 500k 380k
PFT 20k 500k 250k
EDIiffSR 0 530k 370k
SwinlR 0 M 890k
MAT 0 1M 980k
VENRS PET 20k M 990k
EDiffSR 0 390k 190k
SwinlR 0 920k 910k
Finetuned on MAT 0 910k 900k
VENUS PFT 10k 960k 870k
EDiffSR 0 420k 60k

Table 3.1:0verview of Warmup lIterations, the Total Iterations the model was trained on, and
the selected model iteration used for further experiments.

To ensure a fair comparison between different models, we tried to use their default settings
where possible. Our datasets used 256<256 images for ground truth, and due to technical
instabilities observed with larger batch sizes for PFT, we opted for a conservative batch size
of 2. We maintained the same batch size across all models to keep the trainings comparable.
As our datasets were both already quite large, there was no need for data augmentation. We
stuck to the default optimizer settings of each model and also used the default learning rates.
All models were trained on L1 loss. For an overview of Optimizer and Learning Rate settings,
see Figure 3.2.

Optimizer .
Dataset Model (by = 0.9,b, = 0.99 Learning-Rate LR Scheduler
SwinlR  Adam 2e-4 MultiStepLR
Sentinel MAT Adamw 2e-4 MultiStepLR
PFT Adamw 2e-4 MultiStepLR
EDIffSR  AdamW 4e-5 TrueCosineAnnealingLR
SwinlR  Adam 2e-4 MultiStepLR
VENUS MAT Adamw 2e-4 Mult|$tepLR
PFT Adamw 2e-4 MultiStepLR
EDIffSR  AdamW 4e-5 TrueCosineAnnealingLR
SwinlR  Adam le-4 MultiStepLR
Finetuned on MAT Adamw le-4 MultiStepLR
VENUS PFT Adamw le-4 MultiStepLR
EDiIffSR  AdamW 2e-5 TrueCosineAnnealingLR

Table 3.2: Summary of optimizer, learning rate, and learning rate scheduler for all models.
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3.4.1 EDIffSR Learning Rate Ablation Study

During training, EDIiffSR (Section 3.2.5) exhibited signs of instability, with uctuations in
validation metrics (e.g. PSNR/SSIM) between training steps. We investigated further by
training our models with different learning rates.

For the Sentinel training phase, the default learning rate of 4e-5 resulted in good results but
instabilities while training, prompting further experimentation. We tested a range of values,
including 1le-4, le-5, 5e-6, 2e-6, and 1e-6. Although we got the most stable convergence with
le-6, the lower learning rates produced signi cantly worse results. Additionally, we retrained
4e-5 once again to test if our initial training was a uke, but once again, it outperformed other
learning rates signi cantly.

Similar to Sentinel, the default learning rate for VEN uS training was 4e-5. As we already
got a better understanding of sensible learning rates, we tried out 1e-6 and 9e-7, and we once
again ran into the issue of low learning rates underperforming. For ne-tuning on VEN S,
it is common to use lower learning rates to allow the model to adjust more gently to the
new data. Our starting learning rate of 2e-5 was quickly surpassed by lower rates in term
of stability, such as le-7, 5e-7, 5e-8, and 1e-8, while higher values, like 1e-6 or 5e-6, led to
unstable training. But the trend stayed consistent, while the lower learning rates led to a
more stable training, they also peaked way lower on validation metrics like (PSNR/SSIM)
and perceptual metrics (FID/NIQE). Additionally, their inference images looked noisier. We
believe the training instabilities are caused by the low batch size, which ampli es the noisy
uctuations when using high learning rates.

We decided to stick with the default learning rates due to their superior results, and to
keep the fairness towards the other models, where we also maintained the default values.
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In this chapter, we thoroughly evaluate the performance of our models and highlight their
strengths and weaknesses across different domains. We begin with an analysis of model
properties such as inference speed and reference-based metrics (PSNR, SSIM), complemented
by visual comparisons against ground truth images. In the second Section 4.2 we'll go deeper
on perceptual quality, tracking our models performances across different spatial resolution
gaps on NIQE and FID. Here we look into the native upscaling capabilities of our models
without relying on any ground truth. In the last Section 4.3, we demonstrate the value and
real-world practicality of our models on a eld boundary detection task, and compare their
performance against simple bicubic upsampling.

4.1 Quantitative Evaluation

This section presents the quantitative evaluation of our models in three different parts:
inference speed, reference-based validation metrics (PSNR and SSIM) across both Sentinel
and VEN US datasets, and visual comparisons of the twelve trained models against their
corresponding ground truth images.

4.1.1 Model Inference Speed Evaluation

Especially in the remote sensing space, real-world super-resolution applications often require
processing massive amounts of data, making fast inference speeds and computational ef -
ciency essential for the usability of a model. This creates an inherent trade-off between a
model's computational demands and the quality of its results. To evaluate inference speeds
for our four models, we set up a simple experiment using 10,000 images from our Sentinel
validation pack (Section 3.1.1). Each model ran inference on the subset under identical condi-
tions, using a batch size of one, on a Terrabyte [79] compute node equipped with an NVIDIA
A100-SXM4-80GB GPU. Our goal was to only measure the time of the forward pass, excluding
the data-loading and processing pipeline. Using CUDA Events with synchronization, we
ensured accurate tracking of GPU latency. To remove GPU startup bias, the rst 10 iterations
were discarded as a warm-up, leaving 9,900 256x256 images for the metric calculations. The
metrics calculated for each model are the simple mean latency, the median latency, and the
95th percentile latency. The overview of the model's parameters and latencies is visible in
Figure 4.1.

Across all models, the differences between mean, median, and 95th-percentile latencies were
relatively small, indicating stable computational performance. SwinIR and PFT showed almost
no relevant variation (<1%), while MAT and EDiffSR exhibited small ~5% differences between
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Model Architecture Parameter Mean Latency Median Latency 95th-pct Latency

Count (ms/image) (ms/image) (ms/image)
SwinlR  Transformer 11,748,093 54.120 54.098 54,273
MAT Transformer 9,592,005 87.384 86.936 91.650
PFT Transformer 19,618,053 313.931 313.392 314.915
EDiffSR Diffusion 20,400,261 2,163.721 2,137.074 2,256.431

Table 4.1:Comparison of models by parameter count and inference speed measured in ms
per inferred image.

their median and 95th percentile values. Although EDIiffSR was designed as an ef cient
DDPM, it still cannot compete with the speed of transformer models, being up to 40 times
slower than our fastest model: SwinIR. Despite having a comparable number of parameters
to PFT, EDIffSR reliance on 100 denoising steps explains the speed gap. Although inference
speed is often assumed to correlate with model size, our experiments show SwinlR running
faster than MAT despite its larger parameter count. The reason lies in architectural design:
SwinIR's shifted-window attention is lightweight, while MAT relies on multi-range and sparse
attention modules that increase computational cost. Our largest model, PFT, contains roughly
twice the parameters of MAT and was about ~3.5x slower due to its progressive focused
attention mechanism which initialy computes attention on larger 32x32 windows. Overall,
the relative runtime differences among all models were consistent with expectations.

4.1.2 Quantitive Metrics: PSNR/SSIM

To evaluate reconstruction delity, we compared our twelve trained models using the metrics
PSNR [9] and SSIM [10]. To track model performance onthe 20m! 10mand 10m! 5m
super-resolution tasks, we employed two validation sets: Sentinel (Section 3.1.1) and VENuS
(Section 3.1.2). 10,000 images were used for both validation packs to calculate our 16-bit
compatible PSNR and SSIM variants, discussed in Section 3.3.1 and Section 3.3.2. The twelve
models consist of the four base architectures, each trained in three ways: on Sentinel-only, on
VENuS-only, and on Sentinel with subsequent ne-tuning on VEN uS. For more information
about these trainings we recommend exploring Section 3.4. Table 4.2 displays an overview of
the experiment results.

Results

Before diving into the speci cs of the results, it is important to note that the absolute metric
ranges for Sentinel and VENUS differ considerably. Some factors contributing to this metric
gap are satellite-speci ¢ sensor properties and different normalization strategies. Benchmark
performance can only be evaluated relative to other models on the same dataset and never
across datasets.

Looking at the results of the experiment, a few trends emerge: As expected, models
trained for 20m ! 10mor 10m! 5m excel on their respective validation sets. For 10m! 5m,
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Model Con guration \ Sentinel Validation \ VENUS Validation
Dataset (GSD) Model |PSNR" SSIM" |PSNR" SSIM "
SwinlR | 37.9632  0.9415 | 40.1498  0.9569
Sentinel 2 MAT 37.9904  0.9418 | 39.4787  0.9425
(20m! 10m) PFT 38.0119  0.9420 | 40.2166  0.9572

EDiffSR | 34.0745 0.8825 | 36.1214  0.9377

SwinlR | 37.4958 0.9388 | 42.3371  0.9795
VENpS MAT 37.6951 0.9398 | 42,5773 0.9796
(10m! 5m) PFT 37.6233 0.9395 | 42.4817 _0.9796
EDiffSR | 34.2691 0.8879 | 36.9904  0.9469

SwinlR | 37.3789 0.9383 | 42.3107 _0.9796
Finetuned on VENuS MAT 37.5253 0.9395 | 42.4621 0.9796
(10m! 5m) PFT 37.3590 0.9384 | 42.5581 0.9797
EDiffSR | 34.1313 0.8866 | 37.0319 0.9451

Table 4.2:PSNR and SSIM of our 12 super-resolution models on the Sentinel and VENuS
validation sets. Best values per column are bold, second best are underlined.

VEN uS-trained models generally achieve the highest values, but an exception is the ne-tuned
PFT model, which reaches the overall best SSIM score, even surpassing its VENuS-trained
counterparts.

Our two state-of-the-art transformer models generally dominate the benchmarks with the
highest scores, across all categories. PFT outperforms MAT on Sentinel-2 and netuned
VENUS, while MAT shows a strong performance on the pure VEN WS results. SwinlR seems
to be only trailing behind slightly, while EdiffSR yields the worst results. This was expected
since pixel-wise metrics like PSNR and SSIM generally favor smoother reconstructions. At
the same time, they heavily penalize small misalignments, which disadvantages diffusion
models that often generate sharper details [39].

Another interesting trade-off can be observed for the netuned models. Fine-tuning
naturally shifts the models towards the VEN uS domain. As a result, models that perform
extremely well on the VEN uS benchmarks show reduced performance on Sentinel. This effect
is so strong that the netuned models even achieve worse Sentinel results than the models
trained exclusively on VENuS.

These results underline the clear advantage of transformers in pixel-accurate metrics,
though the strengths of diffusion models are highlighted in following experiments.

4.1.3 Image Comparisons with GT

Quantitative metrics such as PSNR and SSIM provide useful benchmarks, but often fail to
capture distinct characteristics of a model that are only visible through visual inspection. This
is why we generated comparison images of our 12 models against bicubic upsampeling and
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the GT. Figure 4.1, Figure 4.2 and Figure 4.3 show imagery from the 20m! 10m Sentinel
Validation set, while Figure 4.4 and Figure 4.5 were generated from the 10m ! 5m VENS
validation pack.

Figure 4.1: Visual comparison of bicubic interpolation, our 12 super-resolution models, and
ground truth on a Sentinel-2 validation image.(l)

Before looking into individual model performances, it is worth noting that the ground-truth
images from the VEN uS validation set generally appear slightly smoother than those from
Sentinel. This highlights the impact of different satellite sensors and why comparison across
datasets can lead to awed conclusions.

A general trend across all comparisons is how the images of each model, from Bicubic,
SwinIR, MAT, and PFT to nally EDiffSR, become progressively sharper. However, it is
still clearly visible that the transformer architectures favor generating smooth images, while
EDiffSR tries to recover ne details and textures.

These additional details from EDiffSR can make the images appear more realistic, but they
also introduce noticeable noise, as shown in Figure 4.2. For generating these extra details the
model must hallucinate subpixel patterns, which can deviate from the actual ground truth.
This is visible in Figure 4.3, where EdiffSR introduces way more pattern variety than visible
in the GT.

The generated images of MAT and PFT look percepually nearly indistinguishable, while
we can notice that SwinIR produces slightly blurrier results.
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Figure 4.2: Visual comparison of bicubic interpolation, our 12 super-resolution models, and
ground truth on a Sentinel-2 validation image. (lI)

Figure 4.3: Visual comparison of bicubic interpolation, our 12 super-resolution models, and
ground truth on a Sentinel-2 validation image. (III)
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