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Resumen

Esta investigacon tiene como objetivo mejorar los algoritmos de clasi cacon uti-
lizados en la correccon atmosekrica (AC), aprovechando las capacidades de extraccon de
caractersticas espectro-espaciales de los modelos de aprendizaje profundo (DL) deultima
generacon para la clasi cacon a nivel de pxel en imagenes espectrales. El objetivo prin-
cipal es avanzar en el estado del arte actual en preparacon para la poxima generacon
de sensores hiperespectrales. La fase inicial de este trabajo se centra en la integracon de
algoritmos de clasi cacon basados en umbrales, ampliamente utilizados en teledeteccon
multispectral, con redes neuronales convolucionales (CNN). Esta integracon demuestra
mejoras signi cativas en los resultados de clasi cacon al combinar enfoques tradicionales
con ecnicas modernas de aprendizaje profundo.

Como parte de esta investigacon, se establecen lineamientos para criterios de etique-
tado armonizados basados en pamametros fsicos, esenciales para la creacon de conjuntos
de datos robustos de entrenamiento y prueba que integren mnultiples fuentes de infor-
macon, como etiquetas manuales y productos del sensor TROPOMI a bordo de la misbn
Sentinel-5P. Este trabajo utiliza el software PACO desarrollado por el DLR y realiza ex-
perimentos con datos de la mison multiespectral Sentinel-2 y de la mison hiperespectral
EnMAP.

En el caso multiespectral, los modelos propuestos superan de forma consistente la Inea
base de PACO en una variedad de conjuntos de prueba, con mejoras de hasta 18.3 pun-
tos porcentuales en el coe ciente de correlacon de Matthews normalizado (hnMCC). Las
mayores mejoras se observaron en escenarios de clasi cacon complicados, especialmente
en las clases desombrasy suela

En el caso hiperespectral, los resultados de clasi cacon fueron transformados a paametros
fsicos mediante la comparacon de las fracciones de nubosidad inferidas con las obtenidas
por TROPOMI. Si bien las netricas globales de regreson mostraron un desempefo com-
parable entre los nmetodos basados en CNN vy la referencia base de PACO, la principal
contribucon radica en el aralisis de las fortalezas y debilidades de la metodologa de val-
idacon propuesta. En particular, el uso de ga cos Precison{Exactitud{Incertidumbre
(APU) permito una evaluacon detallada del comportamiento del modelo en distintos
rangos de fracciones de nubosidad, destacando las limitaciones en los datos de referencia
y los efectos de los desajustes espaciales y temporales.

Al abordar los desafos en la preparacon de conjuntos de datos y utilizar modelos
neuronales avanzados, este trabajo ofrece aportes valiosos para la obtencon de productos
de clasi cacon mejorados en misiones de teledeteccon multi- e hiper-espectral con una
perspectiva de implementacon global.






Abstract

This research aims to enhance the classi cation algorithms used in Atmospheric Cor-
rection (AC) by leveraging the spatial-spectral feature extraction capabilities of state-of-
the-art Deep Learning (DL) models for pixel-level classi cation of spectral imagery. The
primary objective is to advance the current state-of-the-art in preparation for the next
generation of hyperspectral sensors. The initial phase of this work focuses on the inte-
gration of threshold-based masking algorithms, widely applied in multispectral remote
sensing, with Convolutional Neural Networks (CNNs). This integration demonstrates
signi cant improvements in classi cation outcomes, by combining traditional approaches
with modern deep learning techniques.

As part of this research, guidelines are established for harmonized labeling criteria
based on physical parameters, which are essential for creating robust training and test-
ing datasets that incorporate multiple sources of information like manual labeling and
products from the Tropospheric Monitoring Instrument (TROPOMI) sensor onboard the
Sentinel-5P mission. This work uses the Python-based Atmospheric Correction (PACO)
software developed by the German Aerospace Center \Deutsches Zentrum far Luft- und
Raumfahrt" (DLR) and conducts experiments using data from the multispectral Sentinel-

2 mission and the Environmental Mapping and Analysis Program (EnMAP), which cap-
tures hyperspectral imagery.

For the multispectral case, the proposed models consistently outperform the PACO
baseline across a variety of testing datasets, showing improvements of up to 18.3 percent-
age points in normalized Matthew's Correlation Coe cient (hnMCC). The largest gains
were observed in challenging classi cation scenarios, particularly in trelhadowand clear
classes.

In the hyperspectral case, classi cation results were translated into physical param-
eters by comparing the predicted cloud fractions with those from TROPOMI. While
global regression metrics showed comparable performance between the CNN-based meth-
ods and the PACO baseline, the main contribution lies in the analysis of the strengths and
weaknesses of the proposed validation methodology. In particular, the use of Accuracy,
Precision and Uncertainty (APU) plots enabled a deep assessment of model behavior
across di erent cloud fraction ranges, highlighting limitations in the reference data and
the e ects of spatial and temporal mismatches.

By addressing the challenges in dataset preparation and using cutting-edge neural
network models, this work provides insights for obtaining improved classi cation prod-
ucts for multi- and hyper-spectral remote sensing missions with a global implementation
perspective.
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Chapter 1

Introduction

owadays , the remote sensing applications of the Earth's surface have become one
N of the most important subjects in addressing challenges related to climate change
and natural resource management. The recently launched monitoring missions by the
most prominent space agencies worldwide demand greater comprehension and assimila-
tion of the huge amount of data generated daily. Di erent products provide users with
various ways to interpret and use the information, depending on the requirements of the
application. Therefore, better classi cation products generally improve the analysis in
subsequent processing steps. For instance, masking algorithms provide useful information
about the classi cation of each pixel in the image, allowing users to lter the pixels of
interest for analysis. However, many traditional implementations of masking algorithms
rely primarily on spectral indices, which are based on a limited number of features and
often do not incorporate spatial or temporal context. Although more recent approaches
may include neural networks, spatial analysis, or time-series information, there is still a
widespread reliance on simpler, threshold-based methods in operational settings. As a re-
sult, in certain applications (particularly those focused on small study areas or requiring
high precision) scientists may manually adjust the masking products prior to further anal-
ysis. However, this additional step increases the required e ort and may limit scalability
in broader operational contexts.

On the other hand, the growing eld of arti cial intelligence has demonstrated excel-
lent performance in a wide variety of applications. Given the enormous amount of gen-
erated data, remote sensing applications are excellent candidates for modeling solutions
with deep neural networks. These networks enable the retrieval of spatial and spectral
features with the ability to generalize globally. However, they also present signi cant chal-
lenges, such as the need for a su ciently diverse set of reference labels for training, as well
as robust strategies for validating the resulting masking products. Therefore, recognizing
the opportunities to improve classi cation products using state-of-the-art techniques, this
thesis proposes a Deep Learning (DL) approach to enhance the classi cation products
generated by currently implemented masking algorithms.



Chapter 1. Introduction

1.1 Overview

The optical data products of the Earth's surface are essential for environmental mon-
itoring and security, as they capture interactions between solar radiation and matter in
the ground and water surfaces. This interaction produces a unique combination of light
re ected at di erent wavelengths for each ground sample, known as the spectral signature.
By analyzing these spectral signatures, researchers can gather valuable information for a
wide range of applications, including vegetation monitoring, water resource management,
climate change assessment, cryosphere monitoring, and wild re detection, among others
[1].

Multiple e orts from space agencies and the private sector have led to the development
of missions to monitor Earth, providing access to optical imagery and its associated
products. Among the currently operational remote sensing missions [2, 3, 4, 5, 6, 7, 8],
the multispectral Sentinel-2 mission [9] stands out as part of the European Union (EU)'s
Copernicus program. This Copernicus mission, together with the hyperspectral EnMAP
mission [10, 11] from the DLR, will be addressed in this thesis to test the proposed
framework.

Remote sensing optical data is captured at various spatial and spectral resolutions,
depending on the optical sensor and its speci ¢ applications. For instance, multispectral
sensors, such as the one onboard Sentinel-2 satellites, have a limited number of selected
bands (typically between 5 and 15) with a wide bandwidth, but a Ground Sampling
Distance (GSD) of 10-20m. In contrast, hyperspectral imagery o ers ner spectral res-
olution (between 100 and 250 bands) with narrower bandwidth, acquiring more spectral
information to be interpreted by further analysis at a GSD of 30 m [13].

Given the increasing importance of optical remote sensing applications and the po-
tential for better utilization of current distributed products (as well as future missions
[14, 15, 16]), an AC process is needed to retrieve an image as if spectroscopy were per-
formed at ground level. Fig. 1.1 shows a schema of this correction. The resulting
spectral image is called Bottom-Of-Atmosphere (BOA) re ectance, and it belongs to
the often referred Level Two (L2) products (see L2-BOA in Fig. 1.1(e)). The starting
point for Atmospheric Correction (AC) is an image composed of the at-sensor Top-Of-
Atmosphere (TOA) re ectances, usually distributed in Level One (L1) data (L1-TOA in
Fig. 1.1(a)).

During the AC process, it is necessary to identify certain elements captured in the
image that correspond to speci ¢ atmospheric or Earth's surface features, for instance:
clear-sky, water, clouds, among others [12]. For this task, masking algorithms are used,
based on thresholds of spectral indices and illumination, to identify patterns of known
spectral signatures pixel-by-pixel, generating a mask represented by a binary matrix for
each target class (see Fig. 1.2). Another common case is pixel-level classi cation, often
referred to as semantic segmentation or pixel-wise classi cation, where a unique class is
assigned from a de ned set of classes for the application.
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1.1. Overview

Figure 1.1: Top-Of-Atmosphere (TOA) input image, AC with PACO, and the corre-
sponding products obtained during processing: Bottom-Of-Atmosphere (BOA) image,
masks, among others [12]. Image: Sentinel-2, T32NPM, 2016/12/23.

The classi cation is usually delivered as products after the AC process (L2), either
in the form of a set of binary masks (named masks cube, see Fig.1.2c) or as a complete
labeled classi cation map (named pre-classi cation, see Fig.1.2e), which is obtained by
mapping each mask with empirically de ned rules. The classi cation products may also
be delivered as a mixture of both for easier use. The nal set of classi cation L2-BOA
products is often de ned based on the speci ¢ requirements of the mission. As a delivered
product, this classi cation provides useful information for a wide range of remote sensing
applications. As a result, most of the current remote sensing missions have a state-of-the-
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Chapter 1. Introduction

Figure 1.2: Masking algorithm big picture, with a spectral image as an input and the
resulting classi cation map of the same spatial dimensions at the output. Sentinel-2
Image: Antarctic, T21EVK - 2019/02/03.

art implementation of masking algorithms, some of which will be described in Section 2.4.

In the context of the rapidly increasing implementation of machine learning tech-
niques in remote sensing applications, the contribution of this work consist in providing a
method for handling high spectral data volumes to train DL classi cation models with a
global-perspective implementation for future optical remote sensing missions. Examples
include upcoming hyperspectral missions such as the Copernicus Hyperspectral Imaging
Mission for the Environment (CHIME) [14, 15] from the European Space Agency (ESA)
and Surface Biology and Geology (SBG) [16] from the National Aeronautics and Space
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