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Abstract

With the availability of large amounts of satellite image time series (SITS), the Earth’s surface can

be monitored at large scale and with high temporal resolution so that the images can serve as a

base for applications like urban planning or map updating. This work addresses the task of multi-

temporal land cover (LC) classification using SITS data, specifically aiming to identify the physical

material on the Earth’s surface for every pixel in an image sequence. The unique combination of

spectral, spatial, and temporal dimensions in SITS offers the advantage that information encoded

in different dimensions can be combined to improve classification results. On the other hand, the

data complexity can result in a high number of computations when it is processed jointly. A

strategy to decrease the number of computations is the separate extraction of information from all

individual dimensions. However, such a separation raises the question of what type of methods are

suitable for which dimension, i.e how to extract information from the spectral, temporal or spatial

dimensions for the case of SITS data, and how the extracted features should be fused afterwards.

These questions have not yet been answered and analysed in detail for the task of multi-temporal

LC classification with SITS. Another strategy to reduce the number of computations is based on

the reduction of the number of input feature vectors to a Transformer model. To achieve this goal,

several pixels in the input images are combined into one patch, which is then processed by the

Transformer model. While this drastically reduces the number of computations in the subsequent

layers, it also reduces the geometric resolution and consequently the model’s ability to predict the

exact position of class boundaries and fine structures when they cover an area which is represented

only by a few patches.

In this thesis, a new method for multi-temporal LC classification is proposed, extending the

Swin Transformer introduced by Liu et al. (2021) for pixel-wise classification to handle SITS as

input and predict multi-temporal LC maps. To consider spatial and temporal dependencies from

SITS data, a hybrid feature extraction module is introduced. This module processes the input

data in two streams: spatial context is considered by convolutions, and temporal dependencies are

considered by self-attention. This separation reduces the computational complexity and allows the

usage of the optimal method in each dimension. While self-attention is expected to be well-suited to

encode local and global temporal dependencies like seasonal effects, convolutions consider the local

spatial neighbourhood, making them particularly effective for capturing spatial patterns. To further

improve the performance of the classifier, a 3D patch generation module is introduced to mitigate

the impact of patch generation. This module uses 3D convolutions to encode spatial-temporal

dependencies at the original spatial resolution of the input images before any downsampling occurs.

The evaluation of the proposed method is based on two datasets, referred to as the Lower Sax-

ony and Dynamic Earth datasets, for LC classification with SITS. The model’s classification per-
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formance varied across datasets, achieving mean F 1-scores between 73% and 79% on the Lower

Saxony dataset and 44% on the Dynamic Earth dataset. While good performance was observed for

most land cover classes, challenges arose for classes with fewer training samples or similar visual

appearances. The experiments regarding the hybrid feature extraction module show that it achieves

significantly better mean F 1-scores compared to a model that computes spatial and temporal fea-

tures solely with self-attention. Specifically, the proposed model (V -FEhyb) improved the mean

F 1-score by 2% on the Lower Saxony test dataset and by 4.2% on the Dynamic Earth test dataset

compared to the attention-based variant V -FEatt. Additionally, the new model slightly outper-

forms a model that jointly extracts spatial-temporal features using self-attention, while significantly

reducing the computational complexity. The experiments regarding the 3D patch generation mod-

ule show that this module leads to similar mean F 1-scores on one of the datasets and better mean

F 1-scores on the second dataset in comparison to a model that uses the standard patch generation

approach. In the end, the new method is compared to other baselines from literature. In this com-

parison, the proposed model performs better than models that are solely based on convolutions,

which underlines that hybrid approaches are well-suited for the classification of SITS, while still

performing similarly well to other hybrid approaches.

Keywords: Pixel-wise classification, remote sensing, Transformer models, satellite image time

series



Kurzfassung

Durch die Verfügbarkeit großer Mengen an Zeitreihen von Satellitenbildern (SITS) kann die Er-

doberfläche großflächig und mit hoher zeitlicher Auflösung beobachtet werden. Somit können SITS

als Grundlage für Anwendungen wie Stadtplanung oder Aktualierungen von Datenbankbeständen

genutzt werden. Diese Arbeit befasst sich mit der Aufgabe der multitemporalen Landbedeck-

ungsklassifikation unter Nutzung von SITS als Eingangsdaten. Landbedeckung (LB) bezeichnet

das physische Material auf der Erdoberfläche, das für jedes Pixel in den Eingangsbildern bes-

timmt werden soll, und dient als Grundlage für viele weiterführende Aufgaben. Die Kombination

aus spektraler, temporaler und räumlichen Dimensionen in SITS bietet den Vorteil, dass die en-

thaltenen Informationen aus den verschiedenen Dimensionen kombiniert werden können um die

Klassifikationsergebnisse zu verbessern. Andererseits kann die Komplexität dieser Daten zu einer

hohen Anzahl von Berechnungen führen, wenn die Daten bzw. Dimensionen gemeinsam verarbeitet

werden. Eine Strategie um die Anzahl der Berechnungen zu verringern ist eine separate Extrak-

tion von Informationen aus den einzelnen Datendimensionen. Eine solche Trennung wirft jedoch

die Frage auf, welche Methodik in welcher Dimension am besten geeignet ist, wobei im Falle von

SITS die spektrale, zeitliche und räumliche Dimension auftreten, und wie die berechneten Merk-

male anschließend fusioniert werden sollen. Diese Fragen sind für die Aufgabe der multitemporalen

LB Klassifikation mit SITS noch nicht im Detail beantwortet und analysiert worden. Eine weitere

Strategie zur Reduzierung der Anzahl an Berechnungen basiert auf der Reduzierung der Anzahl der

Eingabevektoren für ein Transformer-Modell. Hierfür werden mehrere Pixel in den Eingabebildern

zu einem Patch zusammengefasst und dem Transformer-Modell präsentiert. Durch diese Strategie

wird die Anzahl der Berechnungen in den nachfolgenden Schichten drastisch reduziert, allerdings

verringert sie auch die geometrische Auflösung und somit die Fähigkeit des Modells, die genaue

Position von Klassengrenzen und feinen Strukturen korrekt zu klassifizieren, wenn sie ein Gebiet

abdecken, das nur durch wenige dargestellt wird.

In dieser Arbeit wird eine neue Methode für die multitemporale LB-Klassifikation vorgestellt.

Das neue Modell basiert auf dem Swin Transformer, der von (Liu et al., 2021) für pixelweise Klas-

sifikation eingeführt wurde. Dieser wird erweitert um multitemporale Eingangsdaten, in diesem

Fall SITS, verarbeiten zu können und multitemporale LB-Karten zu prädizieren. Um räumliche

und zeitliche Abhängigkeiten der SITS zu berücksichtigen, wird ein hybrides Modul zur Merk-

malsextraktion eingeführt. Dieses Modul unterteilt die Berechnung räumlicher und zeitlicher

Abhängigkeiten aus den Eingabebildern: Der räumliche Kontext wird durch Faltungen (convo-

lutions) extrahiert, und zeitliche Abhängigkeiten durch ”Selbstaufmerksamkeit” (self-attention)

berücksichtigt. Diese Trennung reduziert die Anzahl der notwendigen Berechnungen im Vergle-

ich zu einem Modul in dem räumlich-zeitliche Abhängigkeiten gemeinsam berücksichtigt werden,

und ermöglicht die Nutzung der jeweils optimalen Methode in der jeweiligen Dimension. Mithilfe



von Selbstaufmerksamkeit können sowohl lokale als auch globale Abhängigkeiten berücksichtigt

werden, was für die Modellierung saisonaler Effekte besonders geeignet ist. Im Gegensatz dazu

berücksichtigen Faltungen die lokale Nachbarschaft, was sich besonders eignet um räumlicher

Abhängigkeiten der Rasterdaten einzubeziehen. Um die Klassifikationsgenauigkeit weiter zu verbessern,

wird außerdem ein neues Modul für die Generierung der Patches zu Beginn der Prozesierung

eingeführt, um die negativen Auswirkungen der Patch Erstellung abzuschwächen. Dieses Modul

verwendet 3D-Faltungen (3D convolutions), um räumlich-zeitliche Abhängigkeiten in der originalen

räumlichen Auflösung der Eingabebilder zu extrahieren, bevor die räumliche Auflösung reduziert

wird.

Die Evaluation der neuen Methode basiert auf zwei Datensätzen, dem Niedersachsen- und dem

Dynamic Earth Datensatz, für LB-Klassifikation mit SITS. Die erreichten Genauigkeiten des Mod-

ells variierte zwischen den Datensätzen und erreichte mittlere F 1-Werte zwischen 73% und 79%

für den Niedersachsen-Datensatz und 44% für den Dynamic Earth Datensatz. Für die meisten LB

Klassen wurden gute Klassifikationsergebnisse erzielt, Herausforderungen gab es jedoch bei Klassen

mit weniger Trainingsbeispielen oder ähnlichem Aussehen im Vergleich zu anderen LB-Klassen. Die

Experimente zur Analyse des hybriden Moduls für die Merkmalsberechnung zeigen, dass es im Ver-

gleich zu einem Modell, das räumliche und zeitliche Merkmale ausschließlich durch Selbstaufmerk-

samkeit berücksichtigt, signifikant bessere mittlere F 1-Werte erreicht. Insbesondere verbesserte die

neue Methode (V -FEhyb) den mittleren F 1-Wert um 2% auf dem Testdatensatz für Niedersachsen

und um 4.2% auf dem Testdatensatz für Dynamic Earth im Vergleich zu einer Modell-variante

die nur auf Selbstaufmerksamkeit basiert (V -FEatt). Zusätzlich erreicht das neue Modell leicht

bessere Klassifikationsergebnisse im Vergleich mit einem Modell, das räumlich-zeitliche Merkmale

gemeinsam und basierend auf Selbstaufmerksamkeit extrahiert, während es die Berechnungskom-

plexität erheblich reduziert. Die Experimente bezüglich des neuen Moduls zur Patch-Generierung

mithilfe von 3D-Faltungen zeigen, dass dieses Modul zu ähnlichen mittlere F 1-Werten bei einem der

Datensätze und zu besseren mittleren F 1-Werten bei dem zweiten Datensatz führt, im Vergleich zu

einem Modell, das die standardmäßige Strategie zur Patch-Generierung verwendet. Am Ende wird

die neue Methode mit anderen Modellen aus der Literatur verglichen. In diesem Vergleich schneidet

das neue Modell besser ab als Modelle, die ausschließlich auf Faltungen basieren, was verdeutlicht,

dass hybride Ansätze für die Klassifikation von SITS gut geeignet sind. Im Vergleich zu anderen

hybriden Ansätzen, die ebenfalls Faltungen und Selbstaufmerksamkeit nutzen, schneidet das neue

Modell ähnlich gut ab.
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Nomenclature

Abbreviations

BN, LN Batch normalisation, Layer normalisation

CNN, FCN Convolutional Neural Network, Fully Convolutional Neural Network

DL, DNN Deep Learning, Deep Neural Network

GELU Gaussian Error Linear Unit

GSD Ground Sampling Distance

IoU Intersection over Union

LC Land cover

MLP Multilayer perceptron

MSA, W-MSA Multi-head self-attention, window-based multi-head self-attention

OA Overall accuracy

PG Patch generation

PPM Pyramid Pooling Module

ReLU, lReLU Rectified Linear Unit, leaky Rectified Linear Unit

RS Remote sensing

SGD, ADAM Stochastic gradient descent, adaptive momentum

SITS Satellite image time series

TE Temporal position encoding

TW Temporal weighting module

Symbols

Image data

x, X, X0 Pixel vector, image timeseries, mono-temporal image

y, Y , Y0 Class label for a single pixel, multi-temporal label map, mono-temporal label map

Ŷ , Ŷ , Ŷ0 Predicted class label, multi-temp. predicted label map, mono-temp. predicted label

map

a Predicted probability vector

W0, H0 Height, width of input image in pixel

B, T Number of spectral bands and timesteps of input image timeseries



vi Multitemporal SITS classification

h, w, b, t Indices for height, width, bands and timesteps

nc, c Number of classes, iterator for classes

C = {C1, ..., Cnc} Set of classes

µ Mean

σ Standard deviation

Deep Learning

C Classification network

Θ, θ Set of parameters of a classifier, single parameter in Θ

T , nT Labelled dataset, number of available inputs in the dataset

L Loss function

ne, e Total number of training epochs, iterator for epochs

ηe, ηf Learning rate in epoch e, factor for learning rate

ωc Class weight for class c

nes Number of epochs for early stopping

nit Number of iterations in one epoch

mb, nmb Numer of images in one minibatch, number of samples (pixels) in one minibatch

K, k Kernel matrix and kernel size of a convolutional layer

str Stride of a convolutional layer

hp Window size of a pooling layer

f Activation function

Multitemporal SITS classification

A Features in image-like structure

Z Features in sequence-like structure

s, S Index of stage, total number of stages

Es, Ds Encoder and decoder part of stage s

ls, Ls Index and total number of consecutively applied attention modules in stage s

np, Ns Iterator and total number of spatial patches for one timestep in stage s

Cin Number of input feature maps to Swin model

P Patch size of Transformer models

M Window size

h, nhs Index and number of self-attention heads in stage s

Q, K, V Query, key and value matrix for attention computation

W Projection matrix



vii

Contents

1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1 Motivation and goals . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.3 Thesis outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2 Basics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2.1 Deep Neural Networks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2.1.1 Multilayer Perceptron . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2.1.2 Activation functions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

2.1.3 Classification layer . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2.1.4 Supervised training of DNNs . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2.1.4.1 Loss function for classification . . . . . . . . . . . . . . . . . . . . . 10

2.1.4.2 Optimisation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2.1.4.3 Parameter initialisation . . . . . . . . . . . . . . . . . . . . . . . . . 11

2.1.4.4 Normalisation layers . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

2.1.4.5 Stopping criterion: . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

2.1.4.6 Regularisation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

2.2 DNNs for pixel-wise classification . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

2.2.1 Fully Convolutional Neural Networks . . . . . . . . . . . . . . . . . . . . . . . 14

2.2.1.1 Convolutional layers . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.2.1.2 Downsampling layers . . . . . . . . . . . . . . . . . . . . . . . . . . 16

2.2.1.3 Upsampling layer . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

2.2.1.4 Skip connections . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

2.2.1.5 FCN architectures . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

2.2.2 Transformers for pixel-wise classification . . . . . . . . . . . . . . . . . . . . . 20

2.2.2.1 Patch generation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

2.2.2.2 Positional encoding . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.2.2.3 The attention mechanism of Transformer blocks . . . . . . . . . . . 22

2.2.2.4 Transformer architectures for pixel-wise classification . . . . . . . . 23

3 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

3.1 Deep learning for pixel-wise classification . . . . . . . . . . . . . . . . . . . . . . . . 27

3.2 Deep Learning for timeseries classification . . . . . . . . . . . . . . . . . . . . . . . . 29

3.3 Classification of remote sensing data . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

3.3.1 Pixel-wise classification in remote sensing . . . . . . . . . . . . . . . . . . . . 32



viii Contents

3.3.2 Classification of satellite image time series . . . . . . . . . . . . . . . . . . . . 34

3.3.3 Temporal and spatial position encoding . . . . . . . . . . . . . . . . . . . . . 37

3.3.4 Computational complexity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

3.4 Training data for remote sensing applications . . . . . . . . . . . . . . . . . . . . . . 41

3.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

3.5.1 Comparison to the most similar works . . . . . . . . . . . . . . . . . . . . . . 45

4 A new method for SITS classification . . . . . . . . . . . . . . . . . . . . . . . . . . 49

4.1 Prerequisites . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

4.1.1 Generation of image timeseries . . . . . . . . . . . . . . . . . . . . . . . . . . 49

4.2 Model architecture . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

4.2.1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

4.2.2 Encoder . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

4.2.3 Decoder: Multi-temporal UPer-Net . . . . . . . . . . . . . . . . . . . . . . . . 53

4.2.4 Spatio-temporal patch generation . . . . . . . . . . . . . . . . . . . . . . . . . 54

4.2.5 Temporal position encoding . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

4.2.6 Spatio-temporal dependencies . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

4.2.6.1 The hybrid feature extraction module . . . . . . . . . . . . . . . . . 57

4.2.6.2 Attention-based embedding of spatial and temporal dependencies . 61

4.2.6.3 Joint consideration of spatio-temporal dependencies . . . . . . . . . 62

4.2.7 Temporal weighting in skip connections . . . . . . . . . . . . . . . . . . . . . 64

4.3 Training . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

5 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

5.1 Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

5.1.1 Lower Saxony & Kleve datasets . . . . . . . . . . . . . . . . . . . . . . . . . . 69

5.1.2 Dynamic Earth dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

5.1.3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

5.2 Objectives and structure of the experiments . . . . . . . . . . . . . . . . . . . . . . . 77

5.2.1 General training setup and parameter studies . . . . . . . . . . . . . . . . . . 77

5.2.2 Experiment set 1: Proposed method for multi-temporal LC classification . . . 80

5.2.3 Experiment set 2: Evaluation of the hybrid feature extraction module . . . . 81

5.2.4 Experiment set 3: Evaluation of the convolutional patch generation . . . . . 82

5.2.5 Experiment set 4: Evaluation of the temporal weighting module . . . . . . . 84

5.2.6 Experiment set 5: Comparison to other works . . . . . . . . . . . . . . . . . . 85

5.3 Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87

6 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

6.1 Evaluation of the proposed method for multi-temporal LC classification (Exp. 1) . . 89

6.1.1 Classification performance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

6.1.1.1 Results on the Lower Saxony dataset . . . . . . . . . . . . . . . . . 90

6.1.1.2 Results on the Kleve dataset . . . . . . . . . . . . . . . . . . . . . . 92

6.1.1.3 Results on the Dynamic Earth dataset . . . . . . . . . . . . . . . . . 95

6.1.2 Analysis of predicted land cover changes . . . . . . . . . . . . . . . . . . . . . 97



Contents ix

6.1.2.1 Results on the Lower Saxony dataset . . . . . . . . . . . . . . . . . 97

6.1.2.2 Results on the Dynamic Earth dataset . . . . . . . . . . . . . . . . . 99

6.1.3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103

6.2 Evaluation of the hybrid feature extraction module (Exp. 2) . . . . . . . . . . . . . . 105

6.2.1 Results on the Lower Saxony and Kleve datasets . . . . . . . . . . . . . . . . 105

6.2.2 Results on the Dynamic Earth dataset . . . . . . . . . . . . . . . . . . . . . . 109

6.2.3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 110

6.3 Evaluation of the convolutional patch generation (Exp. 3) . . . . . . . . . . . . . . . 113

6.3.1 Results on the Lower Saxony and Kleve datasets . . . . . . . . . . . . . . . . 113

6.3.2 Results on the Dynamic Earth dataset . . . . . . . . . . . . . . . . . . . . . . 117

6.3.3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120

6.4 Evaluation of the temporal weighting module (Exp. 4) . . . . . . . . . . . . . . . . . 122

6.4.1 Results on the Lower Saxony and Kleve datasets . . . . . . . . . . . . . . . . 123

6.4.2 Results on the Dynamic Earth dataset . . . . . . . . . . . . . . . . . . . . . . 124

6.4.3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 124

6.5 Comparison to other methods (Exp. 5) . . . . . . . . . . . . . . . . . . . . . . . . . . 125

6.5.1 Results on the Lower Saxony and Kleve datasets . . . . . . . . . . . . . . . . 125

6.5.2 Results on the Dynamic Earth dataset . . . . . . . . . . . . . . . . . . . . . . 127

6.5.3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 129

7 Conclusions and Outlook . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 131

7.1 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 131

7.2 Outlook . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 134

Bibliography . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 141

Curriculum Vitae . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 149





1

1 Introduction

1.1 Motivation and goals

Pixel-wise classification is the task of assigning a class label to each pixel in an image based on

a given class structure. For remote sensing (RS) applications, the images to be classified are

typically acquired by cameras onboard aircrafts or satellites and cover large areas on the Earth’s

surface. Those images are georeferenced and commonly consist of several spectral bands to better

distinguish different objects on the ground. For the last decade, the analysis of such image data

has not only been fast on the methodological side, but also regarding the availability of even larger

amounts of image data. Examples are satellite missions such as Sentinel-2 of the European Space

Agency (ESA) and Landsat-8 of the National Aeronautics and Space Administration (NASA),

which provide satellite imagery with regular temporal intervals covering almost the entire surface

of the Earth. These image sequences are also called satellite image time series (SITS). SITS not only

allow for analysing the current state of the Earth’s surface, but also for monitoring its development

over time. Applications include land cover and crop classification, change detection, deforestation

mapping, map updating and the analysis of urban development. Figure 1.1 shows two exemplary

applications for pixel-wise classification scenarios based on satellite imagery. The first example

shows a land cover (LC) map for a Sentinel-2 image with 10m ground sampling distance (GSD),

while the second example shows a change map based on two satellite images from the Planet Labs

satellites. In this thesis, SITS are applied to the task of LC classification for different timesteps. In

LC classification, the class labels that are assigned to each image pixel correspond to the physical

materials on the Earth’s surface, e.g. Water or Forest.

Sentinel-2 LC map Planet Planet Change map

Figure 1.1: Examples for pixel-wise classification tasks based on satellite imagery. The left example shows

a map for LC classification based on a Sentinel-2 image (blue: Water, red: Settlement, yellow:

Agriculture, light green: Vegetation, dark green: Forest, brown: Barren land). The right example

shows a change map (white areas indicate changes) based on the two shown Planet images.

Recent methods to predict pixel-wise class labels for image data are based on supervised deep

learning (DL) models. In supervised DL, a classifier is trained based on training samples for which
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non-representative samples in a specific minibatch, which might result in a gradient that does not

point into the direction of the minimum for the whole dataset. For this reason, the minibatch size

is commonly set as large as possible; it is usually limited by the memory available in the Graphics

Processing Unit (GPU). The learning rate η also has a large impact on the training process. If the

learning rate is too small, the model will converge slowly. On the other hand, a excessively large

learning rate can result in a divergence or poor classification results during inference. Therefore,

the optimal value for η is set during hyper-parameter tuning.

ADAM optimiser: Kingma and Ba (2015) introduced the adaptive momentum (ADAM)

optimiser that extents SGD by computing adaptive learning rates for all model parameters from

estimates of the first and second moments of the gradients. In each training iteration i, the moving

averages of the gradients (ṁi) and the squared gradients (m̈i) are updated. In the first iteration

i = 0, the vectors of the first and second moments are initialised with zero, i.e. ṁ0 = 0⃗ m̈0 = 0⃗.

Whereas ṁi is the estimate of the first moments (the mean) of the gradients, m̈i is the estimate

of the second moments of the gradient of L(Θi−1):

ṁi = β1 · ṁi−1 + (1− β1)∇L(Θi−1) (2.9)

m̈i = β2 · m̈i−1 + (1− β2)∇L(Θi−1)2. (2.10)

In 2.9 and 2.10, ()2 denotes the element-wise square. The hyper-parameters β1 and β2 control

the exponential decay rates, typically set to β1 = 0.9 and β2 = 0.999. The model parameters are

updated based on the computed moments:

Θi = Θi−1 − ηi
ṁi

√
m̈i + ϵ

, (2.11)

with

ηi = η

q
1− βi

2

1− βi
1

. (2.12)

The parameter ϵ is a very small constant used for numerical stability, and
√
m̈i denotes the element-

wise computation of the square root for all elements in m̈i. Compared to SGD, ADAM reduces

problems with noisy gradients.

2.1.4.3 Parameter initialisation

The primary goal of parameter initialisation is to establish good starting values for the training

process to achieve fast convergence. For a layer in a DNN, it is important to have different starting

values for all nodes as they all shall extract different features from the input data. Commonly,

a random initialisation is used because this is computationally cheap and it is very unlikely that

the same initial values are assigned to two nodes in a layer (Goodfellow et al., 2016, pp.292 -295).

A Gaussian distribution N with mean µ = 0 and standard deviation σ is widely used for that

purpose. Several strategies exist to select σ. He et al. (2015) introduce a strategy that works well

with ReLU activations. The standard deviation σl in layer l is set to σl =
p
2/nl with nl as the

number of connections for one node in layer l to layer l− 1 (for a MLP this is equal to the number

of nodes in layer l− 1). This strategy is used for the weights θ, while the biases b are all initialised

by zero and is referred to as variance scaling.



12 2 Basics

2.1.4.4 Normalisation layers

Batch normalisation: During the training process, the model parameters Θ are updated using

a small subset of the training data which is randomly chosen from the training dataset and called

a minibatch. This results in variations of the input feature distributions in all layers of the model,

leading to a slower training process because the parameters must adapt to the individual input

distributions in each training iteration. As a consequence, more training steps with smaller learning

rates are needed until the model converges (Ioffe and Szegedy, 2015). Ioffe and Szegedy (2015)

call this phenomenon internal covariate shift and introduce a normalisation strategy called batch

normalisation (BN).

In BN, the outputs of a layer are normalised to have zero mean and unit variance. The normal-

isation is applied to the raw outputs of a layer before the activation function is applied (2.1 for a

MLP) (Ioffe and Szegedy, 2015). BN is applied per dimension dl ∈ {1, ..., Dl}, i.e. for each output

of a node odl (for simplicity the layer index l is omitted here), the empirical mean µdl and empirical

variance σ2
dl

are computed over all samples in the current minibatch by:

µdl =
1

nmb

nmbX
i=1

oi,dl , (2.13)

σ2
dl =

1

nmb

nmbX
i=1

(oi,dl − µdl)
2 (2.14)

nmb denotes the number of samples in the minibatch. Using µl
d and σ2

dl
, the normalised raw output

obn
i,dl

is computed by:

obni,dl = γd
l ·

oi,dl − µdlq
σ2
dl
+ ϵ

+ βdl . (2.15)

The parameters γd
l
and βdl are learnable parameters that are used to scale and shift the normalised

activation, respectively, and ϵ denotes a small constant scalar for numerical stability. During

training, the running averages of the means and variances are determined. These values are to be

used to compute the normalised output values (eq. 2.15) during inference.

Layer normalisation: Similar to BN, Layer normalisation (LN) is used to normalise the out-

puts of a layer of a DNN to have zero mean and unit variance. The main difference is that LN is

independent of the minibatch size, as the mean and variance are computed over the feature dimen-

sion instead of per dimension over the current minibatch. Ba et al. (2016) found that beneficial as

LN can be applied to minibatch sizes of one, and the computations are the same during training

and inference.

To apply LN to the raw outputs odl (for simplicity the layer index l is omitted here), the empirical

mean µLN and the empirical variance σ2
LN are computed over all feature values dl ∈ {1, ..., Dl} of
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o = [o1, ..., oDl ]:

µLN =
1

Dl

DlX
dl=1

odl , (2.16)

σ2
LN =

1

Dl

DlX
dl=1

(odl − µLN )2. (2.17)

Using µLN and σ2
LN , the normalised raw output oLN

dl
is computed by:

oLNdl = γ · odl − µLNq
σ2
LN + ϵ

+ β. (2.18)

ϵ denotes a small constant scalar for numerical stability, and the parameters γ and β are learnable

parameters that are used to scale and shift the normalised features, respectively. oLN
dl

denotes the

dl-th normalised feature value which are combined to oLN = [oLN1 , ..., oLN
Dl ].

2.1.4.5 Stopping criterion:

Training is continued for a pre-defined number of iterations, where in each iteration a training

minibatch is used to update the model’s weights. In general, a model tends to overfit to the

training data if the training continues for too long, but on the other hand, it might underfit if the

training ends to early. To define the perfect time to end a training process is therefore a difficult

task that depends on the given dataset and on the model that is used. A commonly used strategy

to determine the end of the training phase is the usage of the validation dataset. After a defined

number of iterations, which is referred to as one epoch, the model’s performance on the validation

dataset is computed. The performance is tracked as training continues and in the end, the weights

from the epoch with the highest score on the validation dataset is chosen. The total number of

epochs can be set to a defined value, normally based on experience. Another option is to keep

track of the validation performance and stop the training process if the validation accuracy does

not increase for a given number of epochs. This strategy is called early stopping.

2.1.4.6 Regularisation

The weights Θ of a classifier C are adjusted based on the training dataset T by minimising the

loss function L. Afterwards, the model is applied to new data that has not been observed in the

training process. The overall goal of training is a good performance of the model on the new data,

which are also referred to as test data. The ability of the model to perform well on the test data

is called its generalisation ability. As the test data is not observed in training, the goal during

training is to minimise the loss function based on the data from training. The loss value achieved

in training is also referred to as the training error. After training, this value can also be computed

for the test data, in which case it is referred to as the test error. A good generalisation performance

is achieved if the gap between the training and test error is as small as possible (Goodfellow et al.,

2016, pp.107-108). Furthermore, commonly, a third dataset, referred to as the validation dataset,

is used in the training phase. The validation dataset is used to set hyper-parameters or can be used
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to stop the training process, which is based on the validation error that is computed in the same

way as the test error but on the validation dataset. To achieve good classification performance, it is

crucial to find a balance between underfitting and overfitting. Underfitting occurs when a classifier

is too simple to capture the underlying patterns of the data, which leads to poor performance on the

training and test dataset. Overfitting occurs when the model is too complex and starts to capture

noise and other detailed patterns that only occur in the training data. Therefore, overfitting results

in a good performance on the training dataset, while the performance on the test dataset is poor.

Techniques to improve the generalisation capability are referred to as regularisation techniques and

include dropout, early stopping and data augmentation. These methods will be described in the

following.

Dropout: Srivastava et al. (2014) proposed a strategy called dropout to prevent a model from

overfitting. When dropout is used in a layer of a DNN, the activations of a node are set to zero with

a given probability p, which is called dropout probability. In principle, dropout can be used in any

layer of a DNN except of the output layer. The idea of dropout is to implicitly learn an ensemble of

networks that are jointly used during inference. During inference, no dropout is used anymore and

all nodes contribute to the output prediction. To get output values within the same value range as

in training, the outputs of all nodes are multiplied by the dropout probability instead.

Data augmentation: Better generalisation performance can usually be achieved by using a

larger dataset, but for most applications there is just a limited number of labelled training samples.

In data augmentation, additional samples are generated synthetically by randomly transforming

input samples in a reasonable way, which means that the samples still need to be representative

of the given task. For the task of pixel-wise image classification, typical augmentation strategies

include image rotations, scaling, brightness, geometric, radiometric or contrast adjustments.

2.2 DNNs for pixel-wise classification

While MLPs the input and output of each layer are one-dimensional vectors, the input and output

of DNNs for pixel-wise classification are three-dimensional tensors. For the pixel-wise classification

of images, the input is an image X0 ∈ RB×H0×W0 with B as the number of spectral bands and

H0,W0 as the image height and width. The output of the model is a map A ∈ Rnc×H0×W0 , with nc

as the number of classes, that contains pixel-wise probability class scores ah,w with h ∈ {1, ...,H0}
and w ∈ {1, ...,W0} (cf. section 2.1.3). The final predicted label map Ŷ0 ∈ RH0×W0 is derived by

taking the index with the highest class score for each pixel ŷh,w = argmax(ah,w). Similar to the

notation in section 2.1.3, the class label y is based on a set of predefined classes C = {C1, ..., Cnc}.
FCNs and Transformer architectures are two types of DNNs that are commonly used for pixel-wise

classification and will be described in the following sections 2.2.1 and 2.2.2.

2.2.1 Fully Convolutional Neural Networks

FCNs were introduced by Long et al. (2015) for the task of pixel-wise image classification. Most

FCNs follow an encoder-decoder structure. While in the encoder, features are extracted by convolu-
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tional layers and the spatial resolution is reduced, in the decoder, convolutional layers are combined

with upsampling operations. The main components of FCNs will be described in the sections 2.2.1.1

- 2.2.1.4 and two commonly used FCN architectures are described in section 2.2.1.5.

2.2.1.1 Convolutional layers

Convolutional layers are the main component of a FCN and are based on the mathematical concept

of a convolution. The output activation map Aout is computed based on the input Ain, a set of

Cout kernels {K1, ...,KCout} and bias parameters bq for each kernel Kq, with Kq and bq being the

parameters determined in training. A kernel K is a tensor with (D+1) dimensions that is shifted in

D dimensions of the input image or feature map, computing one output value at each position. It is

typical to use D-dimensional hyper cubes, e.g. 3×3 pixel for a 2D kernel, while the last dimension

is always equal to the number of input features. This operation results in a D-dimensional output

feature map when one kernel K is applied. Most common is the 2D convolution, obtained by

shifting the kernel in the two spatial dimensions of the input feature maps. The 2D convolution is

explained in the following, before several modifications of this basic variant are explained.

2D convolution: In a 2D convolution, the kernels are shifted in two dimensions of the input

activation map Ain ∈ R. This operation is often used for image data, shifting the kernels in the

two spatial dimensions. For a 2D-convolution, the output activation value aouth,w,q at position (h,w)

for the q-th kernel, i.e. channel q in the output activation map Aout, is computed based on the

following equation:

aouth,w,q = f

0@bq +
Cin−1X
qin=0

hk−1X
ih=0

wk−1X
iw=0

kq,ih,iw,qin · ain(h+dh−ih),(w+dw−iw),qin

1A , (2.19)

where kq,ih,iw,qin refers to the weight in row ih, coloumn iw and channel qin of the q-th kernel

Kq; hk and wk are the height and width of kernel Kq, respectively, and Cin is the number of input

feature maps of Ain. bq is the bias and ain
(h+dh−ih),(w+dw−iw),qin

refers to the input value at position

(h+ dh − ih, w+ dw − iw) and channel qin in the input map Ain. The parameters dh = hk − 1 and

dw = wk − 1 take into account that the indices (ih, iw) of the kernel Kq do not refer to the spatial

center of Kq. The activation function is indicated by f().

Padding: When a convolution is applied to the input activation map Ain, the size of the

generated output map Aout is smaller than the input by (Hout = H in−hk+1,W out = W in−wk+1).

The original size can be preserved by adding rows and columns at the borders of the input activation

map accordingly. There are several types of padding that define how the new pixel values are

generated. One common strategy is zero-padding, where the additional pixels are filled with zeros.

Another common strategy is reflection-padding, where the values of the padding lines are filled

by reflecting the input values at the original edges of the input feature map, i.e. a 1D array of

[2, 4, 6, 7] would result in [4, 2, 4, 6, 7, 6] if reflection-padding with one line on both sides is applied.

3D convolution: The concept of moving a kernel in the convolutional operation can be extended

to three dimensions, which is then referred to as a 3D convolution. This can be used, for instance,
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to shift the kernel in the spatial and temporal dimension of an input timeseries. Similar to the

computation of 2D convolutions, it is assumed that the input activation map Ain has one dimension

more than the number of dimensions in which the kernel is shifted. The computation of the output

activation value aouth,w,d,q at position (h,w, d) of the q-th channel in the output activation map Aout

is then based on the following computation:

aouth,w,d,q = f

0@bq +
Cin−1X
qin=0

hk−1X
ih=0

wk−1X
iw=0

dk−1X
id=0

kq,ih,iw,id,qin · ain(h+dh−ih),(w+dw−iw),(d+dd−id)qin

1A , (2.20)

where kq,ih,iw,id,qin refers to the weight in row ih, coloumn iw, depth id and channel qin of the q-th

kernel Kq; hk, wk and dk are the height, width and depth of kernel Kq, respectively, and Cin is the

number of input feature maps of Ain. bq is the bias and ain
(h+dh−ih),(w+dw−iw),(d+dd−id),qin

refers to

the activation value at position (h + dh − ih, w + dw − iw, d+ dd − id) and feature map qin in the

input activation map Ain. Again, the offsets dh = hk − 1, dw = wk − 1 and dd = dk − 1 take into

account that the indices (ih, iw, id) of the kernel do not refer to the spatial centre of Kq. The size

of the kernel matrices can be different in height, width, and, in the case of 3D convolutions, depth.

However, in this thesis, only kernels with the same size in all dimensions are used, and therefore

the parameter k is referred to as the kernel size in all dimensions, i.e. hk = wk = dk = k.

Batch normalisation for convolutional layers: In BN the raw outputs of a layer are nor-

malised to have zero mean and unit variance as introduced in section 2.1.4.4. When BN is applied

to convolutional layers, the normalisation is applied per feature map, i.e. the empirical mean and

variance are computed based on one channel of the output for all input images in the current

minibatch in case of 2D convolutions.

2.2.1.2 Downsampling layers

FCN architectures are commonly based on a hierarchical encoder-decoder structure, in which the

spatial resolution is reduced in the encoder and enlarged again in the decoder. This has the

advantage that the number of pixels is reduced in the deeper layers of the model and more features

can be computed with equal computational costs, and the receptive field gets larger. Commonly

applied strategies to reduce the spatial resolution are strided convolutions and pooling layers, which

are both described in the following.

Strided convolution: In the standard convolution, the kernel K is shifted pixel by pixel over

the input feature map and at each position, one output value is computed. The step size between

subsequent computations of output values is referred to as the stride str of the convolution, i.e.

str = 1 pixels for the standard case. In the end, for a patch of str× str pixels, one output value is

computed. For stride values larger than one, the resolution is reduced approximately by the factor

of str. In general, the stride can also be different for height and width. However, in this thesis, the

stride will always be identical for both dimensions, and therefore the parameter str refers to the

stride of a convolution in both dimensions.

Pooling layers: In a pooling layer, a window with a defined size hp × hp is shifted in the two

spatial dimensions of the input activation map in the same way a convolutional kernel is shifted
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using a stride of str = hp. In this way, pooling is applied to non-overlapping image windows. In

general, the window size can be different in height and width, but, in the context of this thesis, only

square windows are used. For each region, a single output value is computed based on a pooling

function by using all pixels inside the current window. Common pooling functions are maximum-

pooling, i.e. the output value is determined as the maximum value of all pixels in the window, or

average pooling, which means that the output is defined to be the mean value of all input values.

With this operation, the spatial dimensions are reduced approximately by a factor of hp.

2.2.1.3 Upsampling layer

The decoder of a FCN consists of convolutional layer combined with upsampling layers to obtain

the original spatial resolution again. Common strategies to upsample include different interpolation

strategies and transposed convolutions, which are both described in the following.

Interpolation: Interpolation is a straightforward and easy strategy to increase the spatial

resolution of a feature map and is, e.g., used in (Ronneberger et al., 2015). Interpolation strategies

include linear, bilinear or nearest-neighbour interpolation. The only needed parameter is the factor

by which the spatial resolution shall be increased; a commonly used value is a factor of two.

Interpolation layers do not have any trainable parameters, but their usage may lead to imprecise

object boundaries in the output predictions.

Transposed convolutions: In a transposed convolutional layer, the upsampling process is

learned (Long et al., 2015). The process can be interpreted as follows: First, a number of rows nr

after each row in the input feature map, and a number of columns nc after each column is inserted in

the input feature map Ain. The new rows and columns are filled with zeros. This operation results

in an upsampled version A′in with nr times more rows and nc times more columns than the original

input feature maps Ain. Thus, the numbers nr and nc control how much the resolution is increased,

i.e. nr = nc = 1 results in an upsampling factor of approximately two. After A′in is created, it

serves as input to a standard convolutional layer with a defined kernel size k. The weights in the

kernel are learned, resulting in learning how to combine the input features and fill the gaps for

the larger output feature map. The kernel size k also impacts the size of the output feature maps

and to compensate for this, padding is commonly applied to obtain integer upsampling factors. In

practice, the transposed convolution is optimised through direct kernel application on the input

feature map, imitating the insertion of zeros to minimise the number of necessary computations.

2.2.1.4 Skip connections

One challenge of a FCN are correct class predictions for pixels near object or class boundaries,

caused by the loss of information about their exact position during the downsampling process. A

strategy to improve the classification for border pixels is the usage of skip connections, which are

used in most FCN architectures. Skip connections connect corresponding layers of the encoder

and decoder that have the same spatial resolution. In this way, information from earlier layers in

the encoder with higher spatial resolutions serves as additional input to the corresponding decoder

layers. There are several strategies to combine the features of the encoder with those of the
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decoder. For instance, in the U-Net architecture (Ronneberger et al., 2015) the features from the

encoder and decoder are concatenated, resulting in a larger number Cskip of feature maps with

Cskip = Cenc +Cdec, where Cenc and Cdec represent the numbers of feature maps from the encoder

and decoder, respectively. In other architectures, e.g. UPer-Net (Xiao et al., 2018), the encoder

and decoder features are combined by element-wise addition, with the limitation that the number

of feature maps from the corresponding encoder and decoder layers has to be identical.

2.2.1.5 FCN architectures

In this section, two commonly used FCN architectures are introduced. The first one is the U-Net

architecture, introduced by (Ronneberger et al., 2015). Afterwards, UPer-Net, an adaptation of

U-Net introduced by Xiao et al. (2018), is described.

U-Net: U-Net, introduced by Ronneberger et al. (2015) for biomedical image segmentation,

is a FCN architecture based on the encoder-decoder concept. It consists of a number S of stages,

with one stage referring to all layers that share the same spatial resolution. To distinguish the

encoder and decoder parts of the model, Es refers to stage s in the encoder and Ds refers to

the corresponding stage in the decoder of the model, with s ∈ {1, ..., S}. Note that the decoder

stages are counted backwards to have the same index s as the encoder stage with the same spatial

resolution. In an encoder stage Es, two convolutional layers with kernel size k = 3 and zero

padding are applied, each followed by ReLU activations. Afterwards, except for the last stage ES ,

maximum-pooling layers with a window size and stride of hp = 2 are applied to reduce the spatial

dimensions by a factor of two. Each time the spatial resolution is reduced, the number of feature

maps is doubled, resulting in Cs = Cin ·2s−1 feature maps in stage s with Cin denoting the number

of feature maps in the first encoder stage. A decoder stage Ds consists of three steps: First, the

spatial resolution is upsampled by a factor of two using bilinear interpolation. Afterwards, the

feature maps of the decoder are concatenated with those from the corresponding encoder stage Es.

Two convolutional layers with k = 3 and zero passing are applied, each followed by BN and ReLU

activation. In the first of these convolutions, the number of feature maps is reduced by a factor of

two. As the decoder stages start with the upsampling operation, the first decoder stage is DS−1.

After the decoder stage D1, a convolutional layer with k = 1 converts the feature maps to raw

class scores, which are then normalised by the softmax function. Table 2.1 gives an overview of

the layers that are applied in the different stages. It has to be mentioned that this setup is not

the original U-Net proposed in (Ronneberger et al., 2015) because several small adaptations are

included, e.g. the usage of BN or padding.

UPer-Net: UPer-Net, introduced by Xiao et al. (2018), is an encoder-decoder architecture

designed for multi-task learning. In the context of this thesis, only the task of pixel-wise classifica-

tion is considered, and the other output heads are neglected. UPer-Net is proposed as a decoder

architecture that can be combined with any hierarchical encoder. Xiao et al. (2018) use the ResNet

architecture (He et al., 2016) as the encoder. An example for a decoder is given in figure 2.1.

The input feature maps to UPer-Net are the feature maps A1 - AS generated by the corresponding

encoder layers E1 - ES . The input feature map As has a shape of Cs×Hs×Ws, with Cs indicating
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Stage Layer type Depth

E1 − ES 2×(conv(3), BN, ReLU) Cs = 2 · Cs−1

maxpool(2) Cs

DS−1 −D1 Up(2) Cs+1

concat(Es, Ds) 2 · Cs+1

2×(conv(3), BN, ReLU) Cs = Cs+1/2

Classification conv(1), softmax nc

Table 2.1: Overview of the different stages of the U-Net architecture. conv(k): 2D convolution with kernel

size k, maxpool(hp): maximum pooling with window size and stride hp, concat(): concatenation

of feature maps from corresponding encoder and decoder stages (skip connections), Up(f): up-

sampling by factor f using bi-linear interpolation, Cs = Cin · 2s−1 denotes the number of feature

maps in stage s and Cin the number of input feature maps.

the number of feature maps in encoder stage Es, and (Hs,Ws) the height and width of the feature

map, respectively. UPer-Net consists of stages DS - D1, counted from S to 1, to have the same

stage index s in encoder and decoder stages with the same spatial resolutions. In DS , first a

Pyramid Pooling Module (PPM) (Zhao et al., 2017b) is applied to compute hierarchical global

representations of the input image. Inside the PPM module, four different average pooling layers,

i.e. pyramid scales, are applied separately to the input feature maps. In the first pyramid layer,

global average pooling is applied, i.e. the pooling window size is set to hp = HS and one output

value is computed for each input feature map. In the other three average pooling layers, windows of

size hp = HS/2, hp = HS/3 and hp = HS/6 are used. Afterwards, a convolutional layer with k = 1

and Cdec output feature maps, followed by BN and ReLU, is applied to each of the four pyramid

levels separately. Afterwards, upsampling layers based on bilinear interpolation are applied to

increase the spatial resolution again to HS × WS for all pyramid levels. In the end, the outputs

of all four pyramid levels and the input features AS are concatenated, which results in a feature

dimension of CS + 4 · Cdec. After the PPM module, a convolutional layer with k = 3 and Cdec

output dimensions is applied, followed by BN and ReLU activation. The stages DS−1 - D1 only

consist of a convolutional layer with k = 3, followed by BN and ReLU activation.

Between the different stages, skip connections are used. For the skip connection before stage

DS−1, the feature maps of encoder stage ES−1 are combined with the upsampled features from

decoder stage DS . For all following skip connections, the features of the corresponding encoder

stage Es are combined with the output of the previous skip connection, cf. figure 2.1. The features

are combined by element-wise addition and, to obtain the same feature dimension, the features

coming from the encoder stages are transformed to Cdec feature maps by a convolutional layer with

k = 1, followed by BN and ReLU, before using them in the skip connection. The features from the

previous skip connection are upsampled by a factor of two with bilinear interpolation to match the

spatial resolution of the features of stage Es. After the feature maps are combined by element-wise

addition, they serve as the input to the next stage Ds as well as to the following skip connection.

To generate the final output of the model (Classification block in figure 2.1), the feature maps

of all stages are combined. To be able to combine them, the feature maps from all decoder stages
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are first upsampled by bilinear interpolation by a factor 2s−1. Afterwards, the feature maps from

all stages are concatenated along the feature dimension, resulting in S · Cdec feature maps, which

are then processed by a convolutional layer with k = 3, BN and ReLU activation, to obtain an

output dimension of Cdec. Finally, another convolutional layer with k = 1, followed by BN and

ReLU activation, maps the Cdec feature maps to nc raw class score maps. In the model proposed

in (Xiao et al., 2018), the spatial dimension in stage D1 is already downsampled by a factor of 4,

i.e. H1,W1 = (H0/4,W0/4). Therefore, an upsampling layer based on bilinear interpolation with

a factor of 4 is applied before the raw class scores are normalised by a softmax layer.

Stage DS

Stage DS−1

Stage D1

Classification

Up(2)

Up(2S−1)

Up(2S−2)

ES

ES−1

E1

Figure 2.1: Overview of UPer-Net with three stages (S = 3). Up(f): Upsampling by a factor f with bilinear

interpolation, +○: element-wise addition of the input feature maps. Green boxes indicate a

convolution with k = 1, followed by BN an ReLU activation.

2.2.2 Transformers for pixel-wise classification

In this section, the concepts of models based on attention for pixel-wise classification are introduced.

First, the patch generation process is described in section 2.2.2.1, followed by the introduction of

the positional encoding in section 2.2.2.2. Afterwards, the main concept of attention, as used in

the Transformer model (Vaswani et al., 2017), is described in section 2.2.2.3. In the end, two

Transformer-based methods for pixel-wise classification are described in section 2.2.2.4.

2.2.2.1 Patch generation

To be able to apply self-attention as described in section 2.2.2.3 to an input image X0 ∈ RB×H0×W0 ,

with B, H0 and W0 indicating the number of spectral bands, height and width of the input image,

respectively, the image needs to be transformed into a sequence Zemb = {z1, ..., znseq}, with Cin as

the feature dimension of ziseq .

For pixel-wise classification, a straightforward way to create this sequence is to take every single

pixel as one element of dimension B and linearly project it to Cin dimensions. The number of

pixels is referred to as N0 = H0 ·W0. In practice, the computational costs would be comparably

high for a self-attention layer with complexity O(n2
seq), i.e., O((H0 ·W0)

2) if all pixels are used as

an input feature vector. As a consequence, patch generation (PG) is applied before the first self-

attention layer to reduce the sequence length. Note that PG is also referred to as patch embedding
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in literature, but for a clear notation in comparison to positional encodings (cf. section 2.2.2.2),

PG is used in the context of this thesis. In PG, multiple input pixels are combined and linearly

projected to one vector of Cin elements. For this purpose, the image is split in the spatial dimensions

into non-overlapping patches of size P × P , with P as the patch size, and these patches are used

to generate 1D vectors of dimension P 2 · B by stacking the vectors containing the spectral band

values for every pixel in the patch on top of each other. Each of these 1D vectors is processed by

a fully connected layer to linearly project it to Cin dimensions. This results in the sequence Zemb,

consisting of N1 =
H0
P · W0

P patches that serve as the input to the first self-attention layer.

In the remainder of this thesis, a sequence-like structure of features is indicated by the notation

Z ∈ RN×C , while A ∈ RH×W×C denotes an image-like structure of the corresponding data with

N = W ·H and H,W indicating the image height and width. The principle is visualised in figure

2.2. Note that indices will be added to Z and A to indicate a specific layer or stage of a model.

Z and A can be rearranged at any time, which is necessary as some operations work in the spatial

dimension (e.g. convolutions) while others need the sequence structure (e.g. self-attention).

C

H
W

C

N

A Z

Figure 2.2: Visualization of the two different structures to handle the features in Transformer and convolu-

tional models. A indicates the image-like structure, having the two spatial dimensions H and

W , while Z indicates the sequence-like structure for which the spatial dimensions are combined

to one dimension of size N = H ·W . Both data structures can be rearranged to the other format

at any time in the model.

2.2.2.2 Positional encoding

In a self-attention layer, no information about the order of the individual elements in the input

sequence Zemb is available. By adding a positional encoding to the input embeddings, information

about the relative or absolute positions of the feature vectors in the input sequence is provided

to the model. The positional encoding can be used for inputs of different spatial, temporal or

any other sequence-like structure. There are several ways to encode the positions of the input

sequence. In general, the encodings can be categorised into learned and fixed encodings. While

learned encodings include trainable parameters that are adjusted in the training process, fixed

encodings are computed based on the positions of the elements in the input sequence and do not

change in the training and inference processes. In this work, only the fixed positional encoding of

Vaswani et al. (2017) is used. It is based on sine and cosine functions of different frequencies. This

positional encoding has the same dimension Cin as the input embedding to be able to add it to the

output of the patch embedding process. The ic-th feature, with ic ∈ {1, ..., Cin} as the index for
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Appendix

Appendix A: Class specific F 1-scores achieved in the experiments

related to the hybrid feature extraction module

Variant Stl Sld Agr Veg Dfor CFor Wat Bar

V -FEhyb 87.9 ± 0.1 61.0 ± 0.2 88.7 ± 0.0 78.5 ± 0.4 83.7 ± 0.3 92.7 ± 0.1 95.7 ± 0.1 41.9 ± 0.3

V -FEatt 86.4 ± 1.0 57.6 ± 0.1 87.8 ± 0.5 77.4 ± 0.4 82.0 ± 0.6 91.8 ± 0.3 95.4 ± 0.1 35.7 ± 3.8

V -FEfull 88.0 ± 0.1 60.8 ± 0.4 88.7 ± 0.0 78.5 ± 0.3 83.6 ± 0.3 92.7 ± 0.1 95.6 ± 0.1 41.5 ± 0.7

Table A1: F 1-scores in % for all classes achieved on T L
te by the compared model variants in the experiments

of the hybrid feature extraction module. All quality metrics are averages over three experiments;

the numbers behind the accuracy scores indicate the corresponding standard deviations. Best

scores are indicated in bold font.

Appendix B: Class-specific F 1-scores achieved in the experiments

related to the convolutional patch embedding module

Variant Stl Sld Agr Veg Dfor CFor Wat Bar

V -FEhyb 88.0 ± 0.1 60.8 ± 0.4 88.7 ± 0.0 78.5 ± 0.3 83.6 ± 0.3 92.7 ± 0.1 95.6 ± 0.1 41.5 ± 0.7

V -FEswin 87.6 ± 0.3 60.4 ± 0.4 88.8 ± 0.1 78.6 ± 0.1 83.9 ± 0.1 92.6 ± 0.1 95.5 ± 0.2 43.5 ± 0.5

V -FE2d 85.9 ± 1.1 55.8 ± 1.2 88.4 ± 0.1 76.6 ± 0.7 81.3 ± 0.6 90.0 ± 1.0 95.5 ± 0.0 40.8 ± 0.8

V -FEskip 87.8 ± 0.1 61.6 ± 0.6 89.0 ± 0.0 78.4 ± 0.2 83.1 ± 0.7 92.3 ± 0.2 95.7 ± 0.2 41.7 ± 0.6

V -FEP1 86.5 ± 0.3 53.7 ± 2.2 88.3 ± 0.2 76.7 ± 0.0 81.4 ± 0.4 91.1 ± 0.5 95.6 ± 0.1 30.7 ± 6.7

Table A2: F 1-scores in % for all classes on T L
te for different variants to analyse the 3D patch embedding

module that is used in the proposed model V -FEhyb. All quality metrics are averages over

three experiments; the numbers behind the accuracy scores indicate the corresponding standard

deviations. Best accuracy scores are indicated in bold font.
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Appendix C: Class-specific F 1-scores achieved in the experiments

related to the temporal weighting module

Variant Stl Sld Agr Veg Dfor CFor Wat Bar

V -FEhyb 88.0 ± 0.1 60.8 ± 0.4 88.7 ± 0.0 78.5 ± 0.3 83.6 ± 0.3 92.7 ± 0.1 95.6 ± 0.1 41.5 ± 0.7

V -FEnoTW 87.6 ± 0.1 60.7 ± 0.4 88.5 ± 0.2 78.4 ± 0.1 83.3 ± 0.2 92.4 ± 0.3 95.6 ± 0.0 41.6 ± 1.9

Table A3: F 1-scores in % for all classes achieved on T L
te by the two model variants differing by the temporal

weighting module used in the proposed model V -FEhyb. All quality metrics are averages over

three experiments; the numbers behind the accuracy scores indicate the corresponding standard

deviations. Best accuracy scores are indicated in bold font.

Appendix D: Class-specific F 1-scores achieved in the comparison

to other baseline methods

Variant Stl Sld Agr Veg Dfor CFor Wat Bar

V -FEhyb 88.0 ± 0.1 60.8 ± 0.4 88.7 ± 0.0 78.5 ± 0.3 83.6 ± 0.3 92.7 ± 0.1 95.6 ± 0.1 41.5 ± 0.7

FCN 87.6 ± 0.3 61.5 ± 0.8 88.5 ± 0.2 77.6 ± 0.1 82.3 ± 0.2 91.9 ± 0.2 95.6 ± 0.3 40.3 ± 1.9

Utilise 87.8 ± 0.4 60.6 ± 2.1 88.8 ± 0.1 78.4 ± 0.5 83.6 ± 0.4 92.6 ± 0.3 96.0 ± 0.2 43.4 ± 0.9

Table A4: F 1-scores for all classes in % on the Lower Saxony dataset T L
te achieved by variant V -FEhyb in

comparison to the two baseline models FCN (Voelsen et al., 2023) and Utilise (Stucker et al.,

2023). All quality metrics are averages over three experiments; the numbers behind the accuracy

scores indicate the corresponding standard deviations. Best accuracy scores are indicated in bold

font.

Variant mF 1 Stl Sld Agr Veg Dfor CFor Wat Bar

V -FEhyb 64.8 ± 0.8 59.2 ± 0.6 18.4 ± 0.5 86.1 ± 1.7 69.6 ± 2.3 73.7 ± 1.8 81.2 ± 0.8 88.7 ± 0.3 41.3 ± 0.6

FCN 63.6 ± 0.4 59.7 ± 0.7 17.7 ± 1.1 84.7 ± 0.6 64.6 ± 0.6 75.2 ± 2.3 80.5 ± 1.2 88.0 ± 0.1 39.7 ± 0.6

Utilise 64.2 ± 0.1 58.9 ± 0.0 16.8 ± 0.2 6.2 ± 0.8 66.7 ± 1.7 74.3 ± 0.2 81.5 ± 0.7 89.4 ± 0.1 39.5 ± 0.5

Table A5: F 1-scores for all classes in % on the Kleve dataset T L
kleve achieved by variant V -FEhyb in com-

parison to the two baseline models FCN (Voelsen et al., 2023) and Utilise (Stucker et al., 2023).

All quality metrics are averages over three experiments; the numbers behind the accuracy scores

indicate the corresponding standard deviations. Best accuracy scores are indicated in bold font.
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Sandmann, S., Hochgürtel, G., Piroska, R. and Steffens, C., 2022. Cop4ALL NRW–Ableitung der Landbe-

deckung in Nordrhein-Westfalen mit Fernerkundung und künstlicher Intelligenz. ZfV-Zeitschrift für

Geodäsie, Geoinformation und Landmanagement 5/2022, pp. 299–310.

Song, H., Kim, M., Park, D., Shin, Y. and Lee, J.-G., 2023. Learning from noisy labels with deep neural

networks: A survey. IEEE Transactions on Neural Networks and Learning Systems 34(11), pp. 8135–8153.

Song, H., Rajan, D., Thiagarajan, J. and Spanias, A., 2018. Attend and diagnose: Clinical time series

analysis using attention models. AAAI Conference on Artificial Intelligence 32(1), pp. 4091–4098.

Srivastava, N., Hinton, G., Krizhevsky, A., Sutskever, I. and Salakhutdinov, R., 2014. Dropout: A simple way

to prevent neural networks from overfitting. Journal of Machine Learning Research 15(56), pp. 1929–1958.

Strudel, R., Garcia, R., Laptev, I. and Schmid, C., 2021. Segmenter: Transformer for semantic segmentation.

In: IEEE International Conference on Computer Vision (ICCV), pp. 7262–7272.



146 Bibliography

Stucker, C., Garnot, V. S. F. and Schindler, K., 2023. U-tilise: A sequence-to-sequence model for cloud

removal in optical satellite time series. IEEE Transactions on Geoscience and Remote Sensing 61, pp. 1–

16.

Tarasiou, M., Chavez, E. and Zafeiriou, S., 2023. ViTs for SITS: Vision transformers for satellite image time

series. In: IEEE Conference on Computer Vision and Pattern Recognition (CVPR), pp. 10418–10428.

Teimouri, M., Mokhtarzade, M., Baghdadi, N. and Heipke, C., 2022. Fusion of time-series optical and SAR

images using 3D convolutional neural networks for crop classification. Geocarto International 37(27),

pp. 15143–15160.

Toker, A., Kondmann, L., Weber, M., Eisenberger, M., Camero, A., Hu, J., Hoderlein, A. P., Şenaras, C.,
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