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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
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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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the corresponding labels are known. In the case of pixel-wise image classification, the input to such

a classifier is an image, and the output is a predicted label map of the same size. A training sample

corresponds to one image pixel; during training, predictions for all pixels are used to compute the

loss function and to update the weights of the classifier. First methods successfully applied to pixel-

wise classification were Fully Convolutional Neural Networks (FCNs) (Long et al., 2015). They are

based on convolutional layers which encode local spatial context from input images. These layers

are used in combination with downsampling layers in the encoder and upsampling layers in the

decoder. The main disadvantage of FCNs is the coarser spatial resolution in the deeper layers of a

FCN that can result in difficulties to predict the correct position of class borders in the generated

output.

More recent research for pixel-wise classification focuses on Transformer architectures that are

based on self-attention and were initially introduced in the field of natural language processing

NLP (Vaswani et al., 2017). The principle of self-attention allows to consider global and local

dependencies based on all input feature vectors, independently of their order in the input sequence.

After the success of these models in the field of NLP, they were adapted to image and pixel-wise

classification. To obtain the input feature vectors needed for the self-attention layers, the grey values

of the pixels from a patch of the input image are stacked and linearly projected to obtain a feature

vector of a pre-defined dimension representing the patch (Dosovitskiy et al., 2021). Commonly, a

hierarchical structure similar to the one in a FCN follows: First, self-attention and downsampling

layers are combined in the encoder, whereas the subsequent decoder is based on convolutional and

upsampling layers (Strudel et al., 2021; Liu et al., 2021).

Combining several pixels to a patch reduces the computational complexity in the self-attention

layers and, therefore, also the training and inference time. However, using a large patch size for

pixel-wise classification results in difficulties in classifying fine details or the correct position of

class borders because larger regions in the input image are represented by one feature vector only

(Strudel et al., 2021). For the pixel-wise classification of SITS, the impact of patch generation is

even larger due to the coarser GSD of satellite imagery, e.g. 10m for Sentinel-2, in comparison to

aerial imagery. In this case, larger regions of the input image are represented by one input feature

vector, e.g. 40×40 m when a typical patch size of 4×4 pixels is used for a Sentinel-2 image. On

the other hand, a reduced patch size results in drastically longer training times and the need for

more graphics processing unit (GPU) memory. The selection of a suitable patch size is, therefore,

always a trade-off between computational costs and classification accuracy.

Several approaches try to mitigate the impact of the patch size, commonly by reducing the

computational complexity within the self-attention layers. As a result, a smaller patch size can

be used, which commonly results in an increase in the classification accuracy. One approach

that is widely used to reduce the number of computations in a self-attention layer is the Swin

Transformer (Liu et al., 2021), in which self-attention is only computed between patches within

a defined window. This strategy is somewhat contrary to the general idea of computing global

features directly within one self-attention operation, as, similar to convolutional layers, only a local

neighbourhood is considered for calculating features. Liu et al. (2021) try to mitigate this effect

by moving the windows in subsequent layers of the model to incorporate more global features
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with increasing model depth. Other strategies compute global features by computing dependencies

between different windows (Wang et al., 2021) or reduce the number of computations within the

self-attention layer itself (Garnot and Landrieu, 2020; Zhang and Yan, 2023; Zaheer et al., 2020).

However, the challenge that input patches are generated to reduce the total number of input feature

vectors to be processed by a Transformer-based model still remains and leaves room for further

research.

Many remote sensing approaches that were successfully introduced in the field of computer vision

have been adapted to RS applications. From the methodological perspective, the classification of

video sequences, e.g. for autonomous driving, is similar to the classification of SITS. Despite

the methodological similarities to some computer vision applications, the special characteristics

of SITS are the main challenge in creating a DL classifier for SITS. One characteristic is that

the images of SITS are acquired at drastically longer temporal intervals and the usable image

commonly have irregular temporal intervals due to cloud coverage. Another characteristic is the

seasonally varying appearance for vegetation in combination with a more constant appearance of

man-made objects. These properties indicate that self-attention is particularly suitable for the

exploitation of temporal context and for applications such as LC or crop classification, because

self-attention can consider global dependencies, i.e. from timesteps which are further apart, but

also local ones, i.e. between neighbouring timesteps (Rußwurm and Körner, 2020; Voelsen et al.,

2023; Zhang et al., 2023a). For instance, for the task of change detection, global temporal context

might be very important to consider long-term temporal changes, while for the identification of

different crop types, temporal dependencies between neighbouring timesteps are more important

to model the seasonal changes due to growing and harvesting. In contrast, the regular grid and the

local dependencies between pixels in the spatial dimensions of SITS suggest the use of convolutions

for the extraction of features encoding local spatial dependencies in the context of pixel-wise LC

classification. In literature, methods applied to pixel-wise classification of remote sensing images

are based on convolutions (Yang et al., 2021; Pelletier et al., 2019) or on self-attention layers

(Zhang et al., 2022b; Panboonyuen et al., 2021; Hanyu et al., 2024). However, models using self-

attention to consider spatial context in feature extraction have to reduce computational complexity

by generating patches at the beginning of the model and reducing the number of input patches for

its self-attention layers, which both can negatively impact the models’ performance. Therefore, it

is still a research topic whether convolutional or self-attention layers are more suitable to consider

spatial dependencies from SITS.

Besides the advantage that temporal information can be extracted from SITS, they also make it

possible to generate multi-temporal output maps. For the application of LC, this means that not

only the current or some representative state of LC can be predicted, but also the development

of LC within the observed timespan. Existing approaches that classify SITS either focus on the

generation of one output map only, e.g., for crop type classification (Garnot and Landrieu, 2021),

or they are limited regarding the spatial dimensions of the input data, e.g. by only considering

single pixels or a very small local neighbourhood (Rußwurm and Körner, 2020; Yuan et al., 2022;

Zhao et al., 2023b). There are only a few exceptions of approaches that produce multi-temporal

output maps. For instance, Stucker et al. (2023) adapt a U-Net by combining convolutional layers

in the encoder and decoder stages with a self-attention module at the coarsest spatial resolution
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and use SITS as input data. However, the task solved by the method is the removal of clouds,

which is a regression instead of a classification task.

The approach presented in this thesis addresses the aforementioned research gaps for the appli-

cation of LC classification with SITS. The first research question covered in this thesis asks which

methodology is best suited to consider spatial context in SITS in order to exploit them in combina-

tion with temporal dependencies for LC classification. Another aspect related to this topic is the

challenge of maintaining a reasonable computational complexity. For the purpose of answering the

related research question, the application of convolutions is compared to the usage of self-attention

to consider spatial context in the experiments conducted in this thesis.

The second research question addressed in this work is related to the patch generation process

in the first layers of Transformer models that limits their classification performance, especially

regarding object boundaries or input featuring fine structures. This challenge has an even higher

relevance for the coarser GSD of satellite images when objects need to be classified that only cover

a few patches or have an extent smaller than the patch size, e.g. streets. In this thesis, a new patch

embedding module is introduced with the goal to minimise the effect of patch generation. Within

the new module, 3D convolutions are used in combination with downsampling layers that reduce

the spatial resolution in several steps. The reduction of the spatial dimension in several steps has

the advantage that these features can also be integrated into the later layers in the decoder by

using skip connections, which contrasts the standard patch embedding that essentially features a

single downsampling step with a reduction factor of the patch size.

The methodology introduced in this thesis is evaluated for the application of multi-temporal

LC classification. The information about LC serves as basis for topographic databases, which can

be used for many follow-up tasks such as urban planning, navigation, or risk management. It is

quintessential for these databases to be kept up-to-date, which is an expensive and time-consuming

task that can be alleviated by the results of a classifier which predicts multi-temporal LC maps.

The results of a classifier that predicts multi-temporal LC maps can help to keep such databases up-

to-date, especially when freely available satellite images for multiple acquisition dates are available.

On the other hand, the LC information already included, e.g. from the previous years, can be

used to generate a large training dataset that is useful to train deep neural networks. Using the

data already available naturally results in some incorrect class labels in areas where the LC has

changed without these alterations having yet been integrated into the database. Wrong class labels

are also called label noise in literature. Training with label noise is a larger research topic (Song et

al., 2023) and not the focus of this thesis. However, as one of the used datasets is generated from

a topographic database, this aspect impacts the training and evaluation processes. This dataset

consists of Sentinel-2 SITS data, covering a timespan of four years with a GSD of 10m that are

combined with eight LC classes automatically generated from the ATKIS database (AdV, 2008).

In addition, a second dataset, consisting of Planet images with 3m GSD for 75 different areas

spread around the whole Earth, is utilized. This dataset covers a time span of two years and labels

for each month are generated in a manual labelling process (Toker et al., 2022).
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1.2 Contributions

The goal of this thesis is to introduce a new method for multi-temporal LC classification that

addresses the previously outlined challenges, specifically concerning the patch generation process

and the integration of spatial and temporal context, while ensuring manageable computational

complexity. These analyses are conducted to achieve a classification performance that makes it

possible to use the generated LC maps for follow-up tasks, like the update of topographic maps.

SITS serve as input to the model, having four dimensions (time, spectral wavelength, height and

width). The output of the model consists of one label map (referred to as map in the remainder of

this thesis) for every image in the time series. The prediction of multiple LC maps over time makes

it possible to predict different LC classes for the same area at different timesteps. The model

itself is based on an encoder-decoder structure. In the encoder, first the new module for patch

generation is used to extract features encoding spatio-temporal dependencies from the input data.

This is followed by a combination of a new module to consider spatial and temporal dependencies

separately by convolutions and self-attention, and downsampling layers to further reduce the spatial

resolution. The decoder is based on UPer-Net (Xiao et al., 2018), consisting of convolutional and

upsampling layers to obtain the original spatial resolution again. In addition, skip-connections are

used to integrate features from the encoder into the decoder layers and, as a minor contribution,

the temporal weighting module of Stucker et al. (2023) is modified and used to weight the spatial

features by the temporal features at all model stages.

The scientific contribution of this thesis can be summarised as follows:

• A new model for pixel-wise classification of SITS is introduced. It takes a satellite image

timeseries as input and predicts one class label for each pixel and timestep. The main contri-

bution is a hybrid spatio-temporal feature extraction module that extracts features encoding

spatial and temporal dependencies in separate streams. In the temporal stream, self-attention

is used to consider local and global temporal context, while in the spatial stream, local spa-

tial dependencies are considered by computing features using convolutional layers. The new

model is evaluated in comparison to a model that jointly considers spatial-temporal context

with self-attention and a model that encodes spatial and temporal dependencies separately

by using self-attention in both streams.

• To further improve the classification performance, a new patch embedding module is intro-

duced that is based on 3D convolutions to extract features encoding spatio-temporal depen-

dencies at the original spatial resolution of the input images. It replaces the standard patch

embedding module used in the Vision Transformer (ViT) (Dosovitskiy et al., 2021) and in

the Swin Transformer (2021).

• As a minor contribution, the temporal weighting module used by Stucker et al. (2023) in the

bottleneck layer of their model is extended to all spatial resolutions with the goal of capturing

fine spatial details also within this weighting module.
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• The proposed method is evaluated on two datasets for LC classification with SITS. Addi-

tionally, it is compared to other state-of-the-art methods, including a FCN and the Utilise

model of Stucker et al. (2023).

In the context of this thesis the following research questions are formulated:

1. How does the proposed model, which incorporates temporal context, perform for the task of

multi-temporal land cover classification? Is the model able to detect class changes over time,

even if it is not explicitly trained for change detection?

2. Does the proposed hybrid feature extraction module, considering spatial context with convo-

lutions and temporal context with self-attention, lead to better results than modules solely

relying on self-attention for feature extraction?

3. Does the proposed patch embedding module, utilizing 3D convolutions to encode spatio-

temporal dependencies, achieve better performance compared to standard patch embedding

strategies such as the one in the Vision Transformer (Dosovitskiy et al., 2021) or when com-

pared to using 2D convolutions to consider spatial context only?

4. Does an additional skip connection at a higher spatial resolution than the one of the feature

maps after patch embedding lead to improved classification performance?

5. Does integrating the proposed temporal weighting module into the skip connections through-

out all model stages enhance the classification performance compared to not using any tem-

poral weighting?

6. Does a variant of the proposed methods outperform approaches from literature, specifically

those using a multitemporal FCN (Voelsen et al., 2023), the Utilise model presented by

Stucker et al. (2023) and a U-Net (Toker et al., 2022)?

With the goal to answer these questions, extensive experiments are conducted on two datasets

for LC classification with SITS.

1.3 Thesis outline

The remainder of this thesis is structured as follows. Chapter 2 provides a brief introduction of

the basics of the used Deep Learning concepts, the DL models that are used, and the training

procedure. In chapter 3, an overview of the current state-of-the-art in pixel-wise and time series

classification is presented, with a focus on approaches in the field of Remote Sensing. Chapter 4

introduces the new method, including a general model overview and a detailed description of the

different proposed modules. Chapter 5 gives an overview about the datasets that are used for

the experiments and introduces the different objectives of the experiments, corresponding to the

stated research questions. This is followed by a presentation of the obtained experimental results

in chapter 6. Finally, a summary of the results is given in chapter 7, followed by the conclusions

with respect to the stated research questions and a discussion of open questions for future research.



7

2 Basics

In this chapter, the fundamental concepts that are relevant for this thesis are described. First, the

basics about deep neural networks, pixel-wise classification and the training process are introduced

in section 2.1. Afterwards, the basic components of DNN for pixel-wise classification are introduced

in section 2.2.

2.1 Deep Neural Networks

Today, Deep Neural Networks DNNs represent the state-of-the-art for classification problems. In

comparison to traditional machine learning methods, such as random forests, they do not require

hand-designed features as input. Instead, the classifier learns which features are relevant to solve a

specific task. In the end of a DNN, the extracted features are mapped to the output, e.g. different

class scores in the case of classification problems (Goodfellow et al., 2016). In this thesis, DNNs

are used for supervised classification tasks and therefore, only concepts relevant for these tasks are

covered.

In this section, the main principles of DNNs, which are the basis for the architectures used for

pixel-wise classification (cf. sections 2.2.1 and 2.2.2), are described. The section starts with the

introduction of a multilayer perceptron (MLP) in section 2.1.1 and continues with the description

of activation functions (cf. section 2.1.2) and the classification layer (cf. section 2.1.3). In the end,

supervised training strategies for DNN are described in section 2.1.4.

2.1.1 Multilayer Perceptron

A MLP is a very simple feed-forward neural network. It defines a mapping a = g(u,ΘMLP ) of an

input u to an output a and learns the parameters ΘMLP . A MLP consists of a number L of fully

connected layers. Each layer l ∈ {1, ..., L} consists of Dl nodes, with nl
dl

as the dl-th node in layer l

and dl ∈ {1, ...Dl}. The input to layer l is the Dl−1-dimensional output vector of layer l−1, except

for the first layer, for which the input is the D0-dimensional input vector u. The nodes form the

fundamental element of an MLP and combine the outputs of all nodes from the previous layer l−1

to produce a new output. Each node nl
dl

is connected with all Dl−1 nodes from the previous layer

l− 1. In each connection, the output from the node of the previous layer is multiplied by a weight

θl
dl,k

, with k ∈ {1, ..., Dl−1} as the index of the node in layer l−1 and dl as the index of the node in

layer l. All weighted connections to node dl are linearly combined and a bias bl
dl

is added, resulting
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in the output o:

oldl =
Dl−1∑
k=1

θldl,ka
l−1
k + bldl (2.1)

The outputs of all nodes in layer l are collected in a vector ol = [ol1, ..., o
l
Dl ] and then they are

presented to an activation function f :

aldl = f(oldl) (2.2)

The resultant activations are collected in a vector al = [al, ..., al
Dl ] and serve as input to layer l+1.

In case of the last layer L, the softmax function (cf. section 2.1.3) is used as activation function,

and its output represents the model output a = aL. Layers 1 to L − 1 are called hidden layers,

while layer L is the output layer. The weights θl
dl

and biases bl
dl

for all layers and all nodes from

equation 2.1 form the set of parameters ΘMLP of the complete MLP. A MLP is a simple DNN that

can be used as a classifier C. However, a classifier can also be composed of different layers types

and the principles that are introduced in the following sections are not restricted to a specific layer

type. Therefore, the trainable parameters of a classifier C are denoted with Θ in the following. The

activation functions used in the hidden layers, also called non-linearities, are described in section

2.1.2, whereas the softmax function is presented in section 2.1.3.

2.1.2 Activation functions

Equation 2.1 determines in a linear combination of the input values. To model non-linear transfor-

mations of the input data, a non-linear activation function f is used to compute the final output of

each layer (cf. equation 2.2). To decrease the computational complexity of DNNs, simple functions

are the preferable choice. A challenge is the vanishing gradient problem, which means that gradients

may become zero or near to zero for very small or very large input values, which gets problematic

when multiple layers with gradients near zero follow each other.

The Rectified Lineas Unit (ReLU) was introduced by (Nair and Hinton, 2010) to counteract the

vanishing gradient problem and is defined as:

fRL(o) =

o, if o > 0

0, otherwise.
(2.3)

Using the ReLU activation function, the first derivative is 1 for values o > 0 and is zero for

all values o ≤ 0. This can lead to the effect that some nodes never contribute to the output

computation because their output is always zero (dead neurons) and therefore, these weights are

never updated during the training process. To counteract this problem a slightly different activation

function called leaky Rectified Linear Unit (lReLU) was introduced by (Maas et al., 2013):

flRL(o) =

o, if o > 0

s · o, otherwise.
(2.4)
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For values larger than zero (o > 0), the first derivative is 1 as for ReLU activations, but for values

o ≤ 0 the derivative is a scalar factor s that is a hyper-parameter. As a result, dead neurons are

avoided.

Hendrycks and Gimpel (2016) introduce the Gaussian Error Linear Unit (GELU) activation func-

tion, integrating a more probabilistic view on the neuron’s output. This is realised by multiplying

the output o of a layer with the cumulative distribution function Φ(o) of the gaussian distribution,

which results in:

fGL(o) = o · Φ(o), (2.5)

as the GELU activation function. Compared to ReLU, the GELU activation function is smoother,

which Hendrycks and Gimpel (2016) found beneficial for the training process as it resulted in

improved performance in their experiments.

2.1.3 Classification layer

In a multi-class classification problem, the initial input vector u is mapped to a class label y. The

class label is based on the set of available classes C = {C1, ..., Cnc} with nc as the total number of

classes. To compute class scores for all nc classes, the number of nodes DL in the last layer nL of

a DNN is equal to the number of classes (DL = nc). The raw output oL consists of unnormalised

class-scores, which are commonly normalised by applying the softmax function as the activation

function in the output layer (Bishop, 2006, p. 236):

aLc =
exp(oLc )∑nc
i=1 exp(o

L
i )

∀ c ∈ {1, ..., nc} (2.6)

The values of a = aL = [aL1 , ..., a
L
nc
] sum up to 1. An entry aLc = P (y = Cc|u,Θ), with c ∈ [1, ..., nc],

can be interpreted as the probability that the unknown class label y is the cth class label Cc, given

the feature vector u and the network parameters Θ. Afterwards, a is used to compute the loss

function during the training process (cf. section 2.1.4), while during inference the class with the

highest posterior probability is chosen as the final class prediction ŷ = argmax(a).

2.1.4 Supervised training of DNNs

In a supervised classification scenario, the parameters Θ of a classifier C are determined in the

training process. The goal during training is to minimise the loss function L, resulting in predictions

that get closer to the training labels when the training process continues. The goal is that the

classifier extracts meaningful features from the input u to generate the prediction a = C(Θ,u) which

is then used to get the final class prediction ŷ (cf. section 2.1.3). To determine the parameters

Θ, a training dataset Ttr = {ui, yi}nT
i=1 is given, in which for a total number nT of inputs ui,

the corresponding label yi is given. During the training process, the parameters are updated

in an iterative process by comparing the current class prediction of the model ŷ with the given

training labels y. in the following sections, the basic concepts about loss functions (section 2.1.4.1),

optimisation strategies (section 2.1.4.2), parameter initialisation (section 2.1.4.3), normalisation

(section 2.1.4.4) and regularisation (section 2.1.4.6) that are relevant in the context of this thesis

are introduced.
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2.1.4.1 Loss function for classification

The most frequently used loss function for multi-class classification is the cross-entropy loss:

LCE(Θ) = − 1

ns

ns∑
n=1

nc∑
c=1

Oc
n · log(acn), (2.7)

where ns is the total number of samples over which the loss is computed and acn = P (yn = Cc|un)

is the predicted probability that the n-th sample belongs to class yn = Cc, which is commonly com-

puted using the softmax activation function (equation 2.6), and Oc
n is a binary indicator that equals

1 if sample un belongs to class Cc in the training dataset and equals 0 otherwise. Consequently,

the cross-entropy tries to push the probability of the correct class to one.

2.1.4.2 Optimisation

In the context of DL, the model parameters Θ of a classifier C are determined by minimising a

loss function L(Θ, T ) by using a given training dataset T (cf. section 2.1.4.1). As the parameter

space is high-dimensional and the function g has a complex structure, it is not possible to simply

compute the position of a minimum by setting the gradient ∇L(Θ, T ) to zero. Instead, DNNs

are trained based on gradient descent (GD). In GD, the parameters Θ of a classifier C are first

randomly initialised, e.g. by drawing from a normal distribution. These initial parameters Θ0 are

iteratively updated according to the gradient vector by moving in the direction of the steepest

descent −∇L(Θi, T ) in weight space in an iterative manner, with i as the index for the training

iteration. The size of the step is controlled by the learning rate η, which is a defined hyper-

parameter, resulting in the following update rule for the weights in iteration i:

Θi = Θi−1 − η∇L(Θi−1, T ). (2.8)

In DNNs the gradient vector ∇L(Θi−1, T ) is computed by back propagation (Bishop, 2006, pp. 241

ff) and the loss function (cf. section 2.1.4.1) has to be differentiable with respect to each parameter

in Θ.

Mini-batch stochastic gradient descent: In the standard GD, the loss is computed for the

complete training dataset T . As this is not feasible in practice, commonly mini-batch stochastic

gradient descent (SGD) is used in the training process. In SGD, a small set of samples, referred

to as a mini-batch, is used to compute the gradient ∇L(Θ, Tmb). The number of samples in one

mini-batch nmb is a hyper-parameter that has to be defined for the training process.

With SGD, one iteration i of the standard training process consists of several steps: First, a

minibatch Tmb with nmb samples is randomly chosen from the training dataset T and the output

predictions a are computed for all samples in the minibatch. Afterwards, the loss is computed as

the average loss over the nmb samples (i.e. ns = nmb in equation 2.7), and error backpropagation

(Bishop, 2006, pp. 241 ff) is used to compute the gradient ∇L(Θi, T mb), which is then used to

update the weights for the next iteration.

The number of samples in a minibatch nmb and the learning rate η are critical parameters for

the training process. A small minibatch size results in fast computations but can also result in



2.1 Deep Neural Networks 11

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

√
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 =
√
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.
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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

nmb∑
i=1

oi,dl , (2.13)

σ2
dl =

1

nmb

nmb∑
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 − µdl√
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

Dl∑
dl=1

odl , (2.16)

σ2
LN =

1

Dl

Dl∑
dl=1

(odl − µLN )2. (2.17)

Using µLN and σ2
LN , the normalised raw output oLN

dl
is computed by:

oLNdl = γ · odl − µLN√
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

bq +
Cin−1∑
qin=0

hk−1∑
ih=0

wk−1∑
iw=0

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

 , (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

bq +
Cin−1∑
qin=0

hk−1∑
ih=0

wk−1∑
iw=0

dk−1∑
id=0

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

 , (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



20 2 Basics

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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the feature dimension, of the position encoding for the feature vector at position iseq in the input

sequence is computed by equation 2.21:

PEiseq ,ic = sin

(
iseq

τ
2c

Cin

+
π

2
mod(ic, 2)

)
, (2.21)

with τ as a hyperparameter, which is typically set to τ = 10000.

2.2.2.3 The attention mechanism of Transformer blocks

The attention mechanism processes input sequences of nseq feature vectors zi with i ∈ {1, ..., nseq},
each having a dimension of Cin. The individual input vectors of an input sequence are combined

into one matrix Z ∈ Rnseq×Cin , in which each row represents one input vector zi. The main

component of the attention mechanism, as introduced by Vaswani et al. (2017), is the scaled dot-

product attention. It is based on three of such matrices, the query matrix Q, key matrix K and

the value matrix V , all having nseq rows. The value matrix is associated with the input features,

resulting in Cin columns for V . The number of columns CQ of Q and K can be different to Cin,

but has to be the same for Q and K. The scaled dot product attention is derived by computing a

matrix multiplication between Q and K and dividing the result by
√

CQ. Afterwards, the softmax

function (equation 2.6) is applied to normalise the output of each row and use it to weight V :

Att(Q,K, V ) = SoftMax(QKT /
√
CQ) · V = AT · V. (2.22)

The derived features can be interpreted as a weighted mean of the input features in the value

matrix. The attention matrix A represents the used weights, which are the inner product of the

rows of the key (K) and query (Q) matrices and represent the similarity between these vectors.

The output Att(Q,K, V ) has the same dimensions as the value matrix V .

Multi-head attention: Attention according to equation 2.22 can be computed using a single

attention function. Another strategy is multi-head attention (MHA), which Vaswani et al. (2017)

found beneficial compared to the single-head approach because it allows the model to extract

information from different representations of the input data. In MHA, self-attention is computed

in a number nh of parallel heads. For this purpose, Q,K and V are linearly projected nh times to

compute self-attention for different sub-representations of the input data in parallel. Afterwards,

the outputs of all heads are concatenated and linearly projected again to compute the final output:

MHA(Q,K, V ) = MultiHead(Q,K, V ) = Concat(head1, . . . , headnh
) ·WO (2.23)

headh = Att(Q ·WQ
h ,K ·WK

h , V ·W V
h ),

with WQ
h ,WK

h ∈ RCQ×ck , W V
h ∈ RCin×cv and W 0 ∈ Rnh·cv×Cin denoting parameter matrices for

the linear projections, h representing the index of head h, ck the feature dimensions of Qh and Kh

and cv corresponding to the feature dimension of Vh. Usually, the number nh of heads and the

dimension Cin are set as hyperparameters, and cv, ck are set to cv = ck = Cin/nh. By doing so, the

total computational costs are similar to those of single-head attention with ck = cv = Cin, but the

model can extract features from different sub-representations of the data (Vaswani et al., 2017).
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Self-attention: Depending on the computation of Q,K and V , there are two main variants of

attention to be differentiated. In self-attention, Q,K and V are all computed from the same input

Z, using three fully-connected layers (cf. section 2.1.1), which are represented by the parameter

matrices WQ,WK ,∈ RCin×CQ and W V ∈ RCin×CV that contain the learnable parameters. Multi-

head self-attention (MSA) is then computed based on equation 2.23 by:

ZMSA = MSA(Z) = MHA(Z ·WQ, Z ·WK , Z ·W V ). (2.24)

In this way, all output feature vectors are dependent on all the feature vectors of the input, and

therefore, global context is considered.

Transformer block: Commonly, self-attention is integrated in transformer blocks, which is shown

in figure 2.3. Such a block consists of two components. The first one is the MSA layer and the sec-

ond one is a MLP with two layers that have output dimensions of CMLP and Cin, respectively, and

having GELU as non-linearity. Layer Normalisation (LN) is applied before each component. Ad-

ditionally, residual connections combine the inputs of the components with their outputs, realised

by an element-wise matrix addition. Commonly, a number L of attention blocks are applied con-

secutively in a Transformer encoder, resulting in the following computation for block l ∈ [1, ..., L]:

Ẑ l = MSA(LN(Z l−1)) + Z l−1

Z l = MLP (LN(Ẑ l)) + Ẑ l, (2.25)

with Ẑ l ∈ RCin×nseq denoting the output of the MSA layer, Z l ∈ RCin×nseq representing the output

of the transformer block and Z l−1 denoting the output of the previous layer l− 1. For block l = 1

the input sequence serves as input, i.e. Z l−1 = Zemb if patch generation is used.

Cross-attention: In cross-attention, K and V are computed similarly to self-attention. The

query matrixQ, however, is computed based on another source S, i.e. Q = S·WQ. The source S can

represent another input sequence, e.g. from another stage in the overall model. As a consequence,

Multi-head cross-attention (MCA) is then computed by:

ZMCA = MCA(Z, S) = MHA(S ·WQ, Z ·WK , Z ·W V ). (2.26)

Commonly, cross-attention is integrated into transformer blocks too, adapted to handle both inputs

Z and S, e.g. by using parallel linear layers and layer normalisation.

2.2.2.4 Transformer architectures for pixel-wise classification

Several methods adapt the Transformer model of Vaswani et al. (2017) for pixel-wise classification.

The Swin Transformer (Liu et al., 2021) is one of the commonly used architectures and serves as

the basis for the proposed method of this thesis (cf. section 4). Furthermore, the Utilise model of

Stucker et al. (2023) is used as a baseline model for comparison. Therefore, both architectures are

described in the following.

Swin Transformer: The Swin Transformer model introduced by Liu et al. (2021) is based on

a hierarchical encoder-decoder structure. Those layers that extract features from the same spatial
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Z l−1

MHA

MLP

+

+

Z l

Figure 2.3: Structure of a self-attention block according to Vaswani et al. (2017). Zl−1: input sequence to

module l, Zl: output of module l. MHA: Multi-head attention, MLP : Multilayer Perceptron,

blue rectangle: layer normalisation, +○: element-wise addition, green arrows: residual connec-

tions.

resolution are referred to as a stage. In each stage, modified self-attention blocks, i.e. W-MSA

instead of MSA, are applied to extract spatial context. Between subsequently applied encoder

stages, patch merging layers are used to decrease the spatial resolution. Both layer types are

explained in the following, before the Swin Tranformer architecture is explained in detail.

Shifted-window based self-attention: To be able to use a comparably small patch size in a Trans-

former model for pixel-wise classification, Liu et al. (2021) introduce the shifted window (swin)

approach, which is applied to reduce the computational complexity of self-attention.

For the W-MSA, window partitioning is applied before self-attention is computed for all windows

in parallel in the way described in section 2.2.2.3. In window partitioning, the input A ∈ RH×W×C

with (H,W ) as the current height and width of the feature maps and C as the feature dimension of

the layer, is arranged into non-overlapping windows, each containing M ×M patches and starting

from the top-left image patch. Afterwards, multi-head self-attention is computed for all windows

separately in self-attention blocks as shown in figure 2.3. Again, L self-attention blocks are applied

consecutively, resulting in the following computations for block l:

Ẑ l = W -MSA(LN(Z l−1)) + Z l−1

Z l = MLP (LN(Ẑ l)) + Ẑ l, (2.27)

with Z l−1 as the output of the previous W-MSA block, Ẑ l ∈ RCin×N as the output after the W-

MSA layer and Z ∈ RCin×N as the output of the self-attention block. For the first block l = 1,

Zemb serves as input. W -MSA indicates that windows are created before MSA is computed in each

window separately, and directly after the MSA, the output features for all patches are structured

as Z l−1 again. All other computations are jointly applied to all patches in Z l−1.

As there are no connections between the individual windows, dependencies between patches in

different windows are not computed. To overcome this limitation, the windows are shifted by M
2

patches in height and width for the next self-attention module, which results in a second window

configuration that introduces connections between patches that were separated into different win-

dows before. This process results in some windows that are smaller than the window size M ×M .
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For these cases (Liu et al., 2021) introduce a cycling shift approach in which smaller windows from

the right or top margin of the image are combined with those from the left/lower margin. A typical

window size is M = 7, resulting in M2 = 49 patches being considered in one MSA computation.

Patch merging: To produce a hierarchical representation, the spatial resolution needs to be

reduced. To be able to do this, the feature maps A ∈ RH×W×C , with (H,W ) as the height and

width of the feature maps and C as the feature dimension, are split into non-overlapping regions of

2×2 patches each. Afterwards, the C features from all four patches in one region are concatenated

to a vector with dimension 4C. Finally, a fully connected layer is applied to these vectors to

transform them to the output dimension of 2C. This reduces the number of patches by a factor of

four, which is equivalent to reducing both spatial dimensions H and W by a factor of two.

Model: Let X0 ∈ RB×H0×W0 be an input image with B, H0 and W0 indicating the number

of spectral bands, height and width of the input image, respectively. First, patch embedding, as

described in section 2.2.2.1, is applied using a patch size P, resulting in Zemb = {z1, ..., zN1} with

N1 = H0/P · W0/P and Cin as the feature dimension. Zemb serves as input to the first stage of

the Swin encoder. The encoder stages are denoted by Es, with s ∈ [1, ..., S] being the index of a

stage and S representing the total number of stages. In each stage, a certain number Ls of W-MSA

blocks are applied consecutively, with ls ∈ [1, ..., Ls] denoting the lth block in stage Es. Between

subsequent stages, patch merging is applied, which reduces the number of patches by a factor of

four. The number of feature maps in the first stage is Cin, which is doubled whenever patch merging

is applied, i.e. in stage Es the number of feature maps is Cs = Cin · 2(s−1). The input and output

of each stage are ZPM
s−1 ∈ RCs×Ns and Zs ∈ RCs×Ns , respectively, with PM denoting the output

after patch merging, Cs denoting the feature dimension, Ns = Hs ·Ws representing the number of

patches and Hs and Ws corresponding to the image height and width in stage Es, respectively. The

Swin Transfomer can be combined with any hierarchical decoder architecture. Liu et al. (2021)

combine it with the UPer-Net, a convolutional decoder (Xiao et al., 2018); cf. section 2.2.1.5.

Utilise: Utilise is a sequence-to-sequence model that Stucker et al. (2023) introduced for the

application of cloud removal from SITS. The model follows an encoder-decoder structure and is

based on convolutional layers. Additionally, a so-called Lightweight Temporal Attention Encoder

(L-TAE) module is used in the deepest layer of the model to compute temporal features with self-

attention. In the following, the three components (encoder, decoder, L-TAE) of the Utilise model

are described.

Encoder: An input timeseries X of size T × B × H0 × W0 serves as input to the encoder,

which consists of several stages. In each stage, a convolutional block (CB) is applied separately

to all timesteps. In the Utilise model, a CB consists of a convolutional layer with k = 3 and Cs

as the feature dimension in stage s ∈ {1, ..., S}, with S as the total number of stages, followed by

ReLU activation and a residual convolution with k = 3 and C ′
s as the feature dimension. Between

the CBs, a convolutional layer with str = 2, followed by ReLU activation, decreases the spatial

resolution by a factor of two.

Lightweight Temporal Attention Encoder (L-TAE): The output AS ∈ RT×C′
S×HS×WS of the last

encoder stage ES serves as input to the L-TAE module. In this module, temporal dependencies are
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considered based on an adaptation of MSA with the goal of reducing computational complexity.

Therefore, AS is separated into NS = HS × WS sequences, with Znp ∈ RT×C′
S denoting the nth

p

sequence. For each sequence Znp , a modified MSA block is applied. A key modification in the

L-TAE is the computation of the input matrices used to map the features to the inputs Qh,Kh

and Vh for head h. Instead of performing linear projections to query, key, and value matrices, the

input sequence Znp is partitioned into nh groups, each having a feature dimension of ck = C ′
S/nh

(cf. equation 2.33). Consequently, each head receives an input Zh ∈ RT×ck . Zh is then used to

compute Qh,Kh by a linear transformation, while the input is directly used as Vh:

MSA(Znp) = MHA(Qh,Kh, Vh) = Concat(head1, . . . , headnh
) ·WO (2.28)

headh = Att(Qh,Kh, Vh) (2.29)

Qh = (Zh + TEh) ·WQ
h (2.30)

Kh = (Zh + TEh) ·WK
h (2.31)

Vh = Zh + TEh (2.32)

Zh = Znp [1 : T, (h− 1)ck + 1 : hck]. (2.33)

with WK
h ,∈ Rck×ck and WO ∈ Rnh·ck×Cin as parameter matrices for the linear projections and h

as the index for the individual heads. TE is a position encoding (cf. equation 2.21) applied to the

temporal dimension of Znp . The L-TAE block is integrated into the self-attention block as depicted

in figure 2.3, replacing the MSA block.

The outputs of the temporal encoder are used to weight the outputs of all stages of the spatial

encoder. To be able to do this, the outputs of the temporal encoder are upsampled by bilinear

interpolation to the required spatial resolution of the different stages. Afterwards, the temporal

features are multiplied with the outputs of the spatial encoder by element-wise multiplication. This

is followed by a convolutional layer with k = 1 and ReLU activation. The outputs of these temporal

weightings in the skip connections serve as additional input to the decoder stages.

Decoder: The spatial decoder consists of several stages Ds with the same spatial resolutions as

those of the corresponding encoder stage Es. Note that the decoder stages are counted backwards

to have the same index s ∈ {S, ..., 1} as the encoder stage with the same spatial resolution. For

stages {S−1, ..., 1}, each stage consists of a CB with the same structure as in the encoder. Between

the stages, an upsampling layer with a transposed convolution is applied to increase the spatial

resolution by a factor of two for the following stage. For stage S, i.e. the stage directly after the

L-TAE block, no CB is applied, and the output of the L-TAE block directly serves as input to the

upsampling layer. After each upsampling layer, the features from the decoder are concatenated

with the features from the skip connections. After the last stage of the model, the last CB is

followed by a final CB that maps the features to the spectral space again. This final layer uses a

sigmoid activation to regress reflectances in the range from 0 to 1.
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3 Related Work

This chapter gives an overview of the current state-of-the-art in the fields related to this thesis.

It starts with a general overview of methods used for pixel-wise classification in section 3.1 and

time series classification in section 3.2, before an overview of methods related to these topics in the

field of Remote Sensing is given in section 3.3. Section 3.3 additionally includes a discussion about

training data for RS applications, the temporal and spatial position encoding, and computational

complexity of Transformer models. In the last section of this review, the most important aspects

are summarised, and open research questions related to this thesis are discussed, thus identifying

the research gap to be addressed in this thesis.

3.1 Deep learning for pixel-wise classification

In pixel-wise classification, a class label is assigned to each pixel in the input image, based on

a pre-defined class structure, as explained in detail in section 2.1.4. In DL, the classifier takes

the image directly as input and predicts class probabilities that describe the semantic class of the

individual pixels. This is possible because DL models learn to extract meaningful features from the

input images that are relevant to distinguish the different classes. This is a contrast to traditional

machine learning approaches, e.g. Random Forests (Breiman, 2001) or Support Vector Machines

(Cortes and Vapnik, 1995), which are based on hand-crafted features defined by an expert, which

are extracted from the images before they serve as input to a classifier.

The first DL models using image data were Convolutional Neural Networks (CNNs) for image

classification, which take an image as input and predict one class label for it. They were first

introduced by LeCun et al. (1989) for the task of hand-written zip-code recognition. With the

advances in hardware in combination with the availability of larger training datasets it became

possible to train model s with much more trainable parameters. Thus, CNNs were revived by

Krizhevsky et al. (2012). The first models for pixel-wise classification were Fully Convolutional

Neural Networks (FCNs) introduced by Long et al. (2015), who adapt CNNs to the task of pixel-

wise classification. Long et al. (2015) apply convolutions to larger images and replace the last fully

connected layers of a CNN for image classification by an upsampling layer to create an output

of the same spatial size as the input image. Noh et al. (2015) introduce the encoder-decoder

structure for pixel-wise classification. While in the encoder the spatial resolution is successively

downsampled by pooling operations between the convolutional layers, the original spatial resolution

is reconstructed by applying upsampling operations in the decoder. With the goal of not losing the

spatial information about class boundaries, Noh et al. (2015) save the maximum-pooling indices of

the used values and use them again in the upsampling layers to reconstruct the exact placement
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of the original values. Whereas this is a simple and lightweight way to restore fine-grained spatial

information, it can also prevent the model to learn more complex spatial relations, e.g. when

context information is important for the application. Ronneberger et al. (2015) introduce the U-Net

architecture, originally for the application of biomedical image segmentation. As the reconstruction

of the correct positions of object borders is still a challenge, Ronneberger et al. (2015) introduce

skip connections to counteract this problem. Skip connections (c.f. section 2.2.1.4) fuse feature

maps from the encoder layers to corresponding layers in the decoder to include information about

the exact position of boundaries from the earlier layers to the decoder. Since the success of the

U-Net architecture, it has been used as the basis for many FCN variants, e.g. UPer-Net (Xiao et al.,

2018). However, convolutions only capture local spatial context in the earlier layer of a CNN. With

deeper layers, more global context is integrated, caused by the downsampling layers, but the spatial

resolution is coarser at this point. Therefore, the accurate prediction of object borders remains a

challenge for hierarchical approaches, which is only partially overcome by using skip-connections.

With the success of Transformers, introduced by Vaswani et al. (2017) for tasks in the field of

NLP, they have been adapted to various tasks in Computer Vision, including image classification

(Dosovitskiy et al., 2021), object detection (Li et al., 2022b) and pixel-wise classification (Strudel et

al., 2021). Whereas CNNs are based on convolutions that capture local context, e.g. in the spatial

neighbourhood of a pixel, Transformers are based on the principle of self-attention (c.f. section

2.2.2.3). Self-attention considers global and local context directly based on all input feature vectors,

considering features independently from their order in the input sequence. In the context of this

thesis, the term self-attention always refers to the type of self-attention as used in the Transformer

model (Vaswani et al., 2017). In the field of NLP, the input and the output commonly consist

of sequences of words, and the input feature vectors are obtained by transforming the words into

feature vectors of a defined dimension. Dosovitskiy et al. (2021) introduce the Vision Transformer

(ViT) for image classification. They modify the input layer of the original Transformer by stacking

the grey values of image patches (e.g. 16 × 16 pixels), which is followed by a linear projection to

obtain feature vectors with defined dimensionality again. Afterwards, these patches, i.e. feature

vectors which represent a certain area of the input image, are used in the standard Transformer

model and self-attention layers are used to compute new features that encode dependencies between

them. Strudel et al. (2021) further adapt the ViT for semantic segmentation by using a decoder

based on convolution and upsampling layers to determine pixel-wise class labels.

Similar to the downsampling process in CNNs, the classification of fine details and object borders

suffers from the patch generation process in the first layer of a Transformer model. Patch generation

is necessary because the length of the input sequence and, therefore, the computational costs dras-

tically increase for image data: If all pixels of an image were used as input features, self-attention

would be computed between all combinations of the H ·W pixels. The number of inputs is reduced

to H
P · W

P if patches are generated. The selection of the patch size P is therefore always a trade-off

between computational costs and classification accuracy. To be able to use a smaller patch size,

Liu et al. (2021) introduce another strategy to decrease the computational costs for pixel-wise clas-

sification with Transformer models. In their Swin Transformer, self-attention is computed only in

local windows consisting of a fixed number of patches (cf. section 2.2.2.4). The assumption behind

this is that neighbouring patches include the most important feature information that is needed to
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classify an individual patch. To allow the model to include global information, these windows are

shifted between subsequent network layers to allow an information flow between them. Addition-

ally, Liu et al. (2021) use a hierarchical representation, gradually merging neighbouring patches in

deeper layers. As a result, the Swin Transformer can be used as an encoder in combination with

any hierarchical convolutional decoder that upsamples the feature maps to the original resolution

again. Liu et al. (2021) combine their Swin Transformer with the UPer-Net decoder. Similar to

CNNs, the classification of fine objects and class boundaries remains a challenge, even though a

smaller patch size (a standard value is a patch size of P = 4) can be used in the Swin Transformer

architecture. Furthermore, it is highly dependent on the application and object size whether the

spatial context contained in the used windows is appropriate to model the dependencies that are

most relevant to obtain good classification performance. This aspect is analysed with resepct to

Remote Sensing data in section 3.3.1 and, as there are several other strategies to decrease the

computational complexity in Transformer models, this aspect will be discussed in detail in section

3.3.4.

3.2 Deep Learning for timeseries classification

Timeseries are encountered in many real-world applications, e.g. human activity recognition

(Mutegeki and Han, 2020), video scene classification (Arnab et al., 2021) or health analysis (Song

et al., 2018), resulting in a large research field. Commonly applied methods are based on DL and

include MLPs, CNNs, Recurrent Neural Networks (RNNs), and Transformer models. Moham-

madi Foumani et al. (2024) define a time series as an ordered set of T pairs of observations and

timesteps. The observations for one timestep, however, can consist of many data types, from scalar

values like temperatures to feature vectors or feature tensors of higher dimension. Most approaches

in the field of timeseries classification (TSC) work with feature vectors as input data, which is,

therefore, the first focus of this section. Afterwards, approaches working with image time series,

e.g. video sequences, are discussed as this data type is closely related to the data used in this thesis.

Deep Learning for TSC: Fawaz et al. (2019) and Mohammadi Foumani et al. (2024) both

discuss the different types of DNN for TSC. Both agree that the commonly used models for TSC

developed from MLPs to CNNs and RNNs and, in more recent developments, to Transformer mod-

els. Methods are commonly tested on a variety of datasets, e.g. the UCR time series classification

archive, a large publicly available repository for TSC datasets established by the University of

California, Riverside (UCR), and can be ranked based on accuracy metrics achieved over all the

available datasets (Dau et al., 2018). While the use of MLPs is easy to set up and train, the input

data is processed in a fixed and determined order, which means that special temporal relationships,

e.g. irregular temporal intervals, are not considered. Furthermore, in most MLPs, no hierarchical

or multi-scale features are computed - a drawback, as time series often include long and short-term

trends (Mohammadi Foumani et al., 2024). Due to these characteristics, MLPs perform worse than

other DL-based methods for time series classification (Fawaz et al., 2019; Wang et al., 2017; Zheng

et al., 2014). The second model type that can be used for TSC are RNNs, which are a specific type

of DNN built to work with sequential data by integrating an internal memory about the previous

points in the sequence, first introduced by Rumelhart et al. (1985). One of their main advantages
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is their ability to handle variable input and output lengths. Several adaptations of the original

RNN exist, e.g. the Long short-term memory (LSTM) introduced by Hochreiter and Schmidhuber

(1997) to counteract problems such as vanishing or exploding gradients that occur due to the back-

propagation process over long sequences. In the field of TSC, Hüsken and Stagge (2003) introduce

sequence-to-sequence RNNs for the task of trajectory classification. In their experiments, one chal-

lenge was the long training time, which they could improve by giving an additional prediction task

to the model. Several approaches that followed use a hybrid CNN-RNN structure to combine the

advantages of both methods (Karim et al., 2019; Mutegeki and Han, 2020). Mohammadi Foumani

et al. (2024) conclude that several approaches use RNNs for TSC, but it is not the commonly used

approach anymore, mainly due to a more difficult training procedure compared to other methods

and challenges such as the vanishing gradient problem.

Since their success in image- and pixel-wise classification, approaches based on convolutions

are also applied in other fields, including TSC. A special case of TSC is the usage of images as

observations, however, this aspect is discussed later in this section. When feature vectors for each

timesteps serve as input to the model, the common strategy is the usage of 1D convolutions that

shift over the timeseries to extract features from neighbouring timesteps. Zheng et al. (2014)

were the first to use a CNN for TSC by applying such 1D-convolutions to each input channel

in parallel and concatenating the output features that are then processed by a fully connected

layer. Since then, there have been many adaptations. For instance, Zhao et al. (2017a) use a

CNN based on 2D-convolutions shifting the kernels in the temporal and the feature dimensions,

to explot temporal dependencies within each timeseries in combination with dependencies between

the features. Afterwards, a MLP is used to map the computed features to the class scores. Several

more approaches apply 1D-convolutions to timeseries of feature vectors (Wang et al., 2017; Geng

and Luo, 2019; Ismail Fawaz et al., 2020; Fawaz et al., 2019). In summary, convolutional approaches

outperform MLP and RNN models in most cases (Mohammadi Foumani et al., 2024). Nevertheless,

they also have some limitations. For example, only local features, i.e. dependencies between

neighbouring timesteps, are captured using the convolutional operation, and temporal dependencies

over a larger number of timesteps are not considered because most models do not downsample the

data in the temporal dimension. Furthermore, irregular temporal intervals cannot be taken into

account as the same filter matrix is used for all timesteps in a sliding window approach of a

convolutional layer. This can potentially result in difficulties to encode temporal dependencies if

the temporal intervals differ too much within one timeseries, or if the time periods differ between

training and test samples. Furthermore, it is not clear whether these conclusions can be transferred

to image timeseries.

Following the success of Transformer models in the field of NLP (Vaswani et al., 2017), the

Transformer principle was also adopted for TSC, motivated by the intrinsic similarity to NLP

due to the sequential order of both data types. Self-attention solves some of the challenges that

convolutional or recurrent approaches have to face. The main advantages are that global and local

temporal context can be captured within one operation, and that the temporal distance between

two timesteps has no impact on the extracted features. Song et al. (2018) were the first to adopt

the Transformer model from (Vaswani et al., 2017) to clinical time series classification. They used

the Transformer encoder from (Vaswani et al., 2017), followed by dense interpolation to fuse the
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features from all timesteps. In their experiments, including different clinical time series datasets

such as mortality and length of stay, the new method outperformed the LSTM baseline, especially

if the different classification tasks were combined into a multi-task learning framework. Zhao et

al. (2023a) introduce several adaptations of the Transformer model tailored to TSC. The authors

use deformable convolutions to extract features that serve as input to the subsequent self-attention

modules. The idea is to use the convolutions to consider local temporal context, and self-attention

to capture global temporal context. Additionally, they use a random masking mechanism to speed

up training and reduce noise. They achieve good results compared to several baseline approaches

while requiring a smaller number of parameters.

In summary, there is much research in the field of DL for TSC for many different applications.

Before the success of self-attention, approaches based on convolutions achieved the best perfor-

mance, but, they come with some limitations, e.g. only local temporal context can be considered

in one convolutional layer. This limitation could be overcome by using Transformer models, which

has the advantage that temporal dependencies can be incooperated based on all input timesteps

within one operation and independent of the temporal distance of two timesteps.

Deep Learning for TSC with image data: In such approaches, images as observations for

each timestep. Besides SITS, that are one type of temporal image sequences in RS, video scenes

are a widely used type of TSC with image data. Videos are typically captured by cameras from

a fixed or moving viewpoint that record the dynamic environment. In comparison to SITS, which

usually cover the same area on the ground for multiple timesteps, the scene in a video changes from

frame to frame as, typically, objects in the scene move or the camera itself is moving, e.g. when it

is mounted on a vehicle. Therefore, the applications for video scenes differ from the applications for

SITS and include object detection and tracking, e.g. for video surveillance (Gao et al., 2023; Du et

al., 2024) and scene understanding, e.g. in the context of autonomous driving (Muhammad et al.,

2022). The variety of applications results in a large amount of research in the field of video scene

classification, but it also comes with some specific challenges, e.g. occlusions, distinguishing similar

objects, or changing properties when objects move. Muhammad et al. (2022) give an overview of

recent methods applied to scene understanding and multi-object tracking, while Du et al. (2024)

survey the recent approaches for multi-object tracking. On the methodological side, several methods

used in pixel-wise classification or TSC without images as observations are also used for different

classification task with video scenes. Common methods to classify objects and to track them over

time are based on DNN and extract spatial features based on encoder-decoder architectures, similar

to methods for pixel-wise classification as discussed in section 3.1. For instance, in video object

segmentation, the segmentation process can be conducted frame by frame based on FCNs (Gao

et al., 2023). Recent methods are also based on self-attention, Du et al. (2024) summarise several

self-attention-based methods for object detection that consider temporal and spatial interactions,

for instance, between multiple potential objects.

To summarise, the basic methods used in video classification are the same as those used in pixel-

wise classification or other TSC tasks. However, the applications are different as usually objects

are tracked over time, resulting in different needs and challenges of approaches to solve these tasks.
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3.3 Classification of remote sensing data

In the field of Earth Observation, optical RS sensors capture reflected energy from the Earth’s

surface by different sensors that work from a distance, e.g. operated from a satellite or an aircraft.

The acquired data are used for further analysis, e.g. to assist in a map updating or monitoring

tasks regarding Earth resources (Lillesand et al., 2015). A large number of sensors and platforms

exist. For instance, over 1200 satellites are currently orbiting the Earth with the purpose of

remote sensing1. This overview focuses on methods related to RS images acquired from satellites

or aircrafts, which are commonly based on DL, frequently adapting approaches from the Computer

Vision domain (cf. sections 3.1 and 3.2) to the specific characteristics of RS imagery. One property

of RS images which are commonly acquired with near nadir viewing direction, i.e. the camera

is facing vertically downward from the platform, is an almost constant spatial resolution on the

ground, expressed by the Ground Sampling Distance (GSD), in the whole image or even a larger

image block, as the platform usually flies at a constant height above the ground. The information

about the GSD can be taken into account when choosing the receptive field of the model. Depending

on the application, spatial context in the direct neighbourhood of a pixel or from pixels that are

more distant can be important to achieve a good classification performance. While satellite images

frequently have a medium spatial resolution, i.e in the range of meters to decimeters, they often

come with a high temporal resolution when the satellite constellations cover the same area on the

ground in regular intervals, i.e. 5 days in the case of Sentinel-2. Therefore, in addition to spatial

context, temporal dependencies can be considered when using satellite images for tasks such as

pixel-wise classification, which can improve the classification performance. In this section, first,

an overview of current research for pixel-wise classification of RS imagery is given in section 3.3.1

before this topic is extended to multi-temporal satellite images in section 3.3.2.

3.3.1 Pixel-wise classification in remote sensing

Methods for pixel-wise classification of RS imagery are mainly based on convolutions and self-

attention. The applications involve many areas, e.g. road extraction (Zhang et al., 2018; Ayala et

al., 2021), building segmentation (Kaiser et al., 2017), change detection (Caye Daudt et al., 2019),

tree species classification (Lobo Torres et al., 2020), verification of topographic databses (Yang et

al., 2021) or land cover classification (Yang et al., 2021; Pelletier et al., 2019; Voelsen et al., 2022).

Convolutional approaches are mainly based on FCNs such as U-Net (Ronneberger et al., 2015),

SegNet (Badrinarayanan et al., 2017), or DeepLab architectures (Chen et al., 2018), which have

been adapted to the remote sensing domain. In most cases, the models are only slightly changed,

e.g., by including residual connections to the standard U-net (Zhang et al., 2018). Lobo Torres et

al. (2020) compare several FCN architectures for tree species classification with drone images. In

their study, less complex models achieve the best results, which the authors explain by the limited

availability of training samples for this application. In some scenarios, the specific characteristics

of the data can be included into the model to further improve the performance. In this regard,

Yang et al. (2021) introduce a hierarchical model that categorises land use on different semantic

levels, e.g., a pixel is assigned to the coarse class Forest and to the type of forest at the finer level,

1https://www.ucsusa.org/resources/satellite-database, accessed on 10-12-2024
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which improves the results for pixel-wise land use classification and can be used for the verification

of topographic databases afterwards. Maggiori et al. (2017) extend a FCN with a module that

learns how to combine features from different spatial resolutions that are included in their training

dataset. This module shows improvements in the performance compared to other approaches for

pixel-wise classification and is one way to integrate local and global context into the model.

Recent research focuses on attention-based and hybrid approaches combining self-attention and

convolutional modules to determine class labels at pixel level. Aleissaee et al. (2023) give an

overview of the latest research in the field of RS. There are only a few approaches that are purely

based on self-attention. For instance, Zhang et al. (2022b) use a Transformer network for change

detection by replacing all convolutional layers in a Siamese encoder-decoder network by Swin Trans-

former layers. In their experiments involving four change detection datasets, their model outper-

forms the baseline methods in most but not all cases. Xu et al. (2021) use an encoder based on the

Swin Transformer in combination with a MLP decoder for edge detection in aerial images. Using

the MLP instead of a decoder based on UPer-Net slightly decreases the quality of the results but

is computationally much less complex. The most frequently used approaches use a combination

of self-attention and convolution. A common strategy to do so is to combine a Transformer en-

coder with a decoder similar to the one used in U-Net (Zhang et al., 2022a; Wang et al., 2022b;

Panboonyuen et al., 2021; Hanyu et al., 2024). In this regard, Panboonyuen et al. (2021) compare

different decoder designs that are based on convolutions in combination with a Swin Transformer

encoder for LC and crop classification. In their experiments with satellite and aerial imagery, the

model that uses a pyramid scene parsing module in the decoder outperforms the other variants,

which highlights the importance of global spatial features for their application.

One challenge when applying Transformer models to RS imagery is the patch generation process.

For GSDs of several meters, which is the current standard for freely available satellite data, this

results in patches that can cover several objects on the ground, which results in difficulties in

classifying pixels merged into one patch but belonging to different classes correctly. Hanyu et al.

(2024) counteract this problem by integrating an additional skip connection at the original spatial

resolution of the input image into their model which is based on self-attention in the encoder and

convolutions in the decoder. Hanyu et al. (2024) apply the model to several datasets with aerial

imagery for the application of land use and land cover classification. With the proposed adaptation,

their model achieves better classification results for tiny objects, e.g. vehicles, in comparison to

other baseline models. Several approaches use convolutions in parallel with attention in the encoder

part of the network (Gao et al., 2021; He et al., 2022; Wang et al., 2022a; Xiao et al., 2022; Yao et

al., 2024). The idea of these approaches is to extract local spatial context by convolutions, while

global spatial context is exploited by the attention modules. However, most approaches use the

Swin Transformer to decrease the computational complexity, resulting in self-attention layers that

compute spatial dependencies in local windows, which restricts the receptive field of the model.

Global features can only be computed in deeper layers with reduced spatial resolution, similar to

encoder-decoder architectures that use convolutions.

To summarise, the methods applied to remote sensing images are based on convolutions and self-

attention or hybrid variants to combine the advantages of both methods. The specific characteristics
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or applications, such as the larger GSD, lead to modifications of the models with the goal to further

improve the classification performance, but, the requirements differ between applications and also

depending on the input data, i.e. the used GSD or available spectral bands. This makes it difficult

to transfer results achieved for one application to another one; e.g. results based on aerial imagery

with 10 cm GSD to satellite images with 10 m GSD. A further challenge when applying DL methods

to RS imagery is the availablitly of large training datasets. This aspect is discussed in section 3.4.

3.3.2 Classification of satellite image time series

Most satellites for earth observation, including the Sentinel or Landsat missions, provide images of

the same areas with constant revisiting times, producing SITS. The temporal information can help

to model dynamic processes like seasonal variations in the vegetation or rapid changes like natural

disasters (Miller et al., 2024). DL models can extract meaningful features from such complex

data under the condition that enough training data are available to learn these characteristics.

Methodologically, SITS are one example for TSC with image data (section 3.2). While earlier

works focus on RNNs, FCNs and combinations thereof, most current approaches use a Transformer-

based architecture, commonly combined with convolutional parts, e.g., in the decoder. In this

section, the most important works related to the topics of this thesis are introduced, structured

into paragraphs discussing convolutional methods, self-attention based methods and hybrid models

that combine convolutions and self-attention. Afterwards, several approaches that predict maps for

several timesteps are discussed. For a broader review, we refer the reader to Miller et al. (2024).

Further challenges to use SITS in DL are available training datasets (section 3.4), a temporal

position encoding as the order of the sequence is not taken into account in self-attention (section

3.3.3) and the computational complexity (section 3.3.4), which are discussed separately.

Convolutional methods for SITS classification: While convolution-based models are

mainly used to exploit spatial context, there are several adaptations for SITS classification, includ-

ing methods based on 1D-, 2D- and 3D convolutions. In SITS classification, 1D convolutions are

commonly used to encode temporal dependencies. Di Mauro et al. (2017) were among the first au-

thors to apply 1D convolutions to the temporal dimension and won a challenge in which Landsat-8

timeseries are used for LC classification. Pelletier et al. (2019) propose a temporal CNN to classify

crop types from SITS. They compare 1D convolutions applied in the spectral or temporal dimen-

sions and 2D convolutions, which shift the kernel in the temporal and spectral dimensions to other

baselines, including a RNN. Their model, using 2D convolutions, outperforms the other approaches.

One drawback of the methods mentioned so far is that they do not consider any spatial context. 2D

convolutions are widely used to capture spatial context (cf. section 3.3.1). When applied to SITS

data, the question arises, how to compute and combine spatial, temporal and spectral dependen-

cies. One strategy is the usage of 3D convolutions. Instead of sliding the kernels in two dimensions

(2D convolutions), a 3D kernel slides in three dimensions of the input image, e.g. the spatial and

temporal or spatial and spectral dimensions. The main drawback of using 3D convolutions is the

additional computational complexity as the number of computations increases by a factor equal

to the size of the third dimension. Several approaches use 3D convolutions for spatio-temporal

feature extraction. For example, Ji et al. (2018) use a 3D-CNN for crop classification using SITS,
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applying 3D convolutions in the spatial and temporal dimensions of an input region of 8×8 pixels.

The generated output is a feature vector of class scores for the central pixel of the input region.

The authors conclude that the 3D-CNN is especially suitable for modelling the dynamics of crop

growth. Similarly, Teimouri et al. (2022) use 3D convolutions to extract spatial-temporal features

from optical and radar SITS for crop classification on pixel-level. In contrast to Ji et al. (2018),

who combine all spectral bands when applying the 3D convolution, Teimouri et al. (2022) separate

the spectral bands for the 3D convolutional layer and combine them afterwards. In this way, their

model performs better than other 3D-CNNs they compare their method to. Voelsen et al. (2022)

compare a 3D U-Net for LC classification based on SITS with a 2D U-Net and a variant that uses

3D convolutions only in the first layers of the model. In the 2D U-Net, the spectral and temporal

dimensions are stacked before the input is processed by the model, resulting in T×B input features,

with T as the number of timesteps and B as the number of spectral bands. In their experiments,

the usage of 3D convolutions only slightly improves the model’s performance, while the usage of

multi-temporal input data significantly improves the results in comparison to a mono-temporal

variant. Fernandez-Beltran et al. (2021) use a 3D-CNN for a regression task. In order to estimate

rice yield, the authors use 3D convolutions to extract spatial-temporal features from large-scale

SITS and additional soil and climate data and achieve better results than other traditional and DL

approaches.

While using 3D convolutions results in improved classification performance in comparison to

models based on 2D convolutions, they also come with some limitations. The increase in compu-

tational complexity results in longer training and inference processes, and a balance needs to be

found between model performance and computational time. Another drawback of applying convo-

lutions to the temporal dimension is that changing time intervals can be difficult to handle, because

information about changes in the temporal distances between subsequent image acquisition times

is not taken into account and the same weights are used for the whole timeseries (Rußwurm et

al., 2020). Furthermore, the extraction of global temporal context is not included in the discussed

approaches. A larger context region could be integrated by larger convolutional kernels in the

temporal dimension, for example, by applying dilated convolutions, however, irregular temporal

distances remain a problem.

Self-attention for SITS classification: Most recent approaches for SITS classification focus

on Transformer models. The characteristics of SITS, e.g. irregular temporal intervals, seasonally

varying appearance of vegetation, and almost constant appearance of man-made objects, indi-

cate that self-attention might be particularly suitable for modelling temporal dependencies. This

overview focuses on the most recent research based on the self-attention mechanism used in the

Transformer model of Vaswani et al. (2017). SITS have one dimension more than images and,

therefore, computational complexity is a challenge which is even more problematic for this type of

input data. Approaches applying Transformers to SITS follow different strategies to deal with this

challenge, which is analysed in this section.

Transformer models consider dependencies between all input feature vectors simultaneously,

which means that global and local dependencies can be exploited within one computation. To

integrate information about the order of the input sequence into the model, a positional encoding
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is commonly added, e.g. in the beginning of the network (cf. section 3.3.3). Such an encoding

can be extended to the spatial or temporal dimensions when SITS are used. A temporal encoding

has the advantage that information about irregular time periods can be integrated into the model.

Rußwurm and Körner (2020) were among the first authors to adapt the encoder of the Transformer

model for the pixel-wise classification of SITS. Their Transformer architecture outperforms archi-

tectures such as a 1D temporal CNN and a LSTM on unprocessed satellite data, i.e. data without

atmospheric corrections, while these methods perform equally well on preprocessed data. However,

Rußwurm and Körner (2020) only use pixel-wise timeseries, and therefore, no spatial context is

used. Another purely attention-based approach is introduced by Tarasiou et al. (2023), who adapt

the ViT (Dosovitskiy et al., 2021) for crop classification with SITS. First, patches are generated

similar to the way it is done in the Swin Transformer model. To reduce the computational com-

plexity, self-attention is first computed between all timesteps of the same patch, and afterwards, in

the subsequent layer, attention is computed between all patches of the same timestep, arguing that

this order of feature extraction is more suitable for their application. However, it remains unclear

if this assumption is transferable to other applications. Yan et al. (2022) classify LC from SITS

using an architecture that computes dependencies only for timesteps determined to be important

by using modified self-attention layers. This is a way to reduce computational costs for long input

sequences. While this model outperforms other methods, e.g. a LSTM network, the authors do

not compare it to the standard Transformer approach, and no spatial context is considered in the

model.

Hybrid approaches for SITS classification: The majority of approaches combine self-

attention layers to extract temporal dependencies with convolutional layers to extract spatial con-

text (Garnot and Landrieu, 2021; Zhang et al., 2023a; Li et al., 2022a; Voelsen et al., 2024). In this

regard, Garnot and Landrieu (2021) use a multi-temporal adaptation of U-Net with a Lightweight

Temporal Attention Encoder (L-TAE) module (cf. section 2.2.2.4 in the bottleneck layer for the

segmentation of crop parcels. In the encoder, convolutional layers are applied separately to all

timesteps. The L-TAE module computes temporal attention at pixel-level of the coarsest resolu-

tion; afterwards, these feature maps are upsampled to all spatial resolutions and used in the skip

connections to weight the different timesteps, which is realised by an element-wise matrix multipli-

cation. Furthermore, Garnot and Landrieu (2021) aggregate the temporal dimension as only one

output timestep is needed. This is done by a sum over the results of the matrix multiplication

across the temporal dimension. Afterwards, a convolutional decoder is used to predict a crop map

at the original spatial resolution. Zhang et al. (2023a) use the L-TAE module to encode temporal

dependencies between all temporal input features of the input time series. Separately, convolu-

tions are used to capture temporal dependencies from neighbouring timesteps. Finally the features

are fused using a MLP to predict crop types and LC. This method performs better than others

against which it is compared, including a LSTM and temporal CNN, but as only time series of

single pixels are processed by the self-attention module, no spatial context is considered. Li et al.

(2022a) propose a hybrid model for crop classification using optical and radar satellite imagery.

They first use depthwise separable convolutions to exploit spatial context. These features are then

fed into a ViT to consider temporal dependencies. This model outperforms other baseline models
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for spatial-temporal crop classification with SITS. However, only a small spatial neighbourhood is

used.

Multi-temporal outputs with SITS: The methods for SITS classification mentioned so far

only predict a single label map from the time series. This is well suited for applications like crop

monitoring, but other applications such as the monitoring of environmental changes rely on spatio-

temporal classifications. One example is (Otto et al., 2024), where different spatio-temporal data

sources, including land use information, are used to model pollution from fine particulate matter

over a time span of six years. In the field of SITS classification there are only a few methods

that generate multi-temporal output label maps. Yuan et al. (2022) propose the SITS-former,

a model for Sentinel-2 time series classification. The SITS-former applies 3D convolutions to

extract spatio-spectral features for each timestep, which serve as input to a Transformer encoder.

The input regions have a size of 5 × 5 pixels, which reduces the spatial context to a small local

neighbourhood. Yuan et al. (2022) pre-train the model in a self-supervised way by masking out

the input values from randomly selected timesteps that shall be predicted during the pre-training

phase. Whereas the output of the pre-trained model is multi-temporal, the authors combine them

to one output map for the application of crop classification. Zhao et al. (2023b) introduce a purely

attention-based model for active fire detection by combining a Transformer encoder with a MLP

head. The input consists of a time series of pixels which are classified as fire or non-fire for each

timestep. The results of their experiments show that the temporal information is more important

than the spatial one, which is expected for such an application. Stucker et al. (2023) adapt the

U-TAE from Garnot and Landrieu (2021) for sequence-to-sequence cloud removal based on SITS,

which is a regression task. In contrast to Garnot and Landrieu (2021), who aggregate the temporal

dimension to one output map, the number of timesteps remains the same in (Stucker et al., 2023).

The features extracted by the L-TAE module are used as weights, which is again realised by an

element-wise matrix multiplication, that guide the model to determine the timesteps that contain

the most important information. While spatial context is considered at all spatial resolutions, the

temporal attention is only computed in the coarsest resolution, which can prevent the resultant

features from representing fine details.

To sum up, SITS are a complex data source, combining spectral, temporal, and spatial informa-

tion. Choosing suitable methods to extract features from the different dimensions can significantly

improve the performance of classification tasks using SITS. One challenge is the increase in com-

putational complexity caused by the higher dimensionality of SITS. Most approaches solve this by

separating the computations in different dimensions, but, it remains open which methods are most

suitable for which dimension and if joint feature extraction can significantly improve the results.

Many approaches utilise limited spatial context, i.e. only single pixels or a few neighbouring pixels,

but, for most applications related to SITS, considering spatial context in larger regions is important

to achieve good classification performance.

3.3.3 Temporal and spatial position encoding

In Transformer models, self-attention is used to compute similarity scores between the input feature

vectors. This computation takes place between all possible pairs of input vectors. This has the
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advantage that the model is not biased towards neighbouring observations. On the other hand,

the model does not have any information about the ordering in the input sequence. A commonly

applied strategy to counteract this drawback is the usage of a positional encoding that is added to

the features either in or before the self-attention layers. Such a positional encoding can be constant

or include learnable parameters. Vaswani et al. (2017) use a fixed positional encoding with sine

and cosine functions of different frequencies to encode the positions of the feature vectors in the

input sequence (cf. section 2.2.2.2). It is added element-wise to the input embeddings by simply

computing the sum. This type of encoding performs similarly well to a learned encoding in the

experiments in (Vaswani et al., 2017). Many approaches working with image or SITS data adopt

the positional encodings from the NLP field to the spatial and temporal dimensions. While in all

cases the usage of some type of spatial or temporal position encoding improves the classification

performance, the type of encoding is less critical, because most approaches seem to perform similarly

well (Dosovitskiy et al., 2021; Liu et al., 2021; Voelsen et al., 2024). The most relevant approaches

applied to SITS classification are discussed in the following.

Most approaches for image or pixel-wise classification adopt the position encodings from the

field of NLP. Dosovitskiy et al. (2021) compare a learnable 1D spatial position encoding with a

learnable 2D spatial position encoding for the task of image classification. While the 1D encoding

is based on the patch order in the input image, meaning that after the last patch in the first row

the first patch in the second row follows, the 2D embedding learns two encodings for the two spatial

dimensions of the input image. In their experiments, the 1D spatial encoding performs best, but

only marginally better than both other variants, while there is an overall improvement of 2.5%

compared to the variant using no spatial position encoding at all. Besides the actual strategy to

compute the encoding, another crucial consideration is the integration of the encoding into the

Transformer model. Dosovitskiy et al. (2021) compare the common strategy to add the position

encoding to the features of the patch embedding with the strategy to add the encodings at the

beginning of each self-attention layer. In their experiments, the common strategy works best, but

only by a small margin. Liu et al. (2021) use a relative position encoding that is added to the

attention matrix (QKT ) in each self-attention layer. This spatial position encoding is learned and

based on the relative 2D position, realised by a matrix with similar size as QKT , of the patches

in each window. In their experiments, this type of encoding outperforms model variants with no

or an absolute spatial position encoding. Several other works simply adopt positional encodings

but do not focus on analysing several variants (Strudel et al., 2021; Zhang et al., 2023a). However,

approaches that compare several variants of positional encodings agree that the general usage of

an encoding is of higher importance than the type that is used.

For SITS classification not only the spatial order of image patches can contain important infor-

mation, but also the temporal one. Additionally, temporal sequences often have irregular temporal

intervals that vary in between different input timeseries. Therefore, temporal position encodings

(TEs) commonly include some information about the acquisition date, encoded in different ways.

Yuan et al. (2022), Zhang et al. (2023a) and Garnot et al. (2020) adopt the position encoding

from Vaswani et al. (2017) to a TE. Yuan et al. (2022) use the doy of year (DOY) as the input

to the (co)sine function; this type of TE improves the performance of their model compared to

a learned TE. Zhang et al. (2023a) encode the timestep in the input timeseries with the (co)sine
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function but do not further analyse the impact of the encoding. Garnot et al. (2020) adapt the

position encoding from Vaswani et al. (2017) to temporal positions based on the number of days

since the first acquisition date that is available in the time series and integrate this encoding in their

temporal auto-encoder module to classify crop types based on SITS. Tarasiou et al. (2023) use a

learned TE that is added to the patch embedding. They create a lookup-table in which the learned

positional encoding for each acquisition date in the training dataset is saved. One drawback of

this encoding is that only those dates that are available in the training data are encoded, whereas

others need to be inter- or extrapolated. Nevertheless, this type of TE significantly improves the

models performance compared to the same model without a TE, but no other encodings are tested

in their experiments. Voelsen et al. (2024) compare a TE based on the DOY with an encoding

based on the DOY and year of acquisition. In their experiments, the encoding that additionally

uses the acquisition year slightly outperforms the other variant and a model without any positional

encoding. However, similar to the approach of Tarasiou et al. (2023), the usage of the acquisition

year limits the model to learn the temporal characteristics of the years for which training data are

available.

To conclude, approaches in the field of SITS classification agree that using a TE significantly

improves the models performance. The type of the encoding seems to be less critical, as there is

no tendency towards one encoding type. A fixed encoding can be useful to incoperate the same

temporal information for repeating temporal intervals, e.g. for the same day in different years.

On the other hand, a learnable encoding can adapt to the specific data characteristics, but, it is

dependent on the training data, i.e. temporal sequences not inlcuded in the training data might

be more difficult to classify. Therefore, the selection of a specific TE is always closely related to

the application and the data. For instance, it might be more important for a task such as crop

classification to include information about the DOY, encoding the season, while for an application

like deforestation mapping, the days since a specific starting date can be more relevant.

3.3.4 Computational complexity

Self-attention, as introduced by Vaswani et al. (2017), is computed between all combinations of

input feature vectors. Therefore, the computational complexity of the self-attention layer directly

depends on the length of the input sequence. This results in limitations regarding the model or

input size when the available GPU resources cannot handle the data anymore. For the application

of pixel-wise classification, the patch size, i.e. number of pixels that are combined in the patch

generation process, is one important parameter that can be changed to adjust the number of input

vectors to the self-attention layers, but, if more pixels are combined into one patch, i.e. if the number

of input features to the self-attention layers is reduced, the classification performance commonly

will decrease. To counteract this limitation, several approaches to decrease the computational

complexity have been introduced, which can be roughly categorised into two groups. Approaches

belonging to the first group decrease the length of the input sequence by selecting only a defined

number of input features vectors. Approaches in the second group use the complete input sequence,

but reduce the computational complexity in the self-attention layer itself. The most relevant

approaches related to this thesis are discussed in the following.
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Several commonly used architectures apply strategies to reduce the length of the input sequence

and, therefore, belong to the first category. The Swin Transformer is one of the most widely

used Transformer models for pixel-wise classification (Liu et al., 2021). The main contribution of

the Swin Transformer is the sliding window approach, computing spatial attention only in local

windows of a defined number of patches. These two strategies significantly reduce the number

of input patches to the self-attention layer, though, at the cost of losing some global context,

which can only be considered in the deeper layers of the model having a coarse spatial resolution.

Wang et al. (2021) introduce a Pyramid Vision Transformer for pixel-wise classification. Their

main architecture is similar to the Swin Transformer, including patch merging layers to obtain

a hierarchical feature representation and self-attention layers to capture spatial dependencies at

different spatial resolutions. To reduce the computational complexity within the self-attention

layers, the key and value features of r patches are merged and projected to a lower dimension. In

this way, the computational complexity is reduced by a factor of r2 compared to the normal multi-

head self-attention block. Compared to the Swin Transformer, in which self-attention is computed

in local windows, the strategy from Wang et al. (2021) computes global dependencies between all

merged patches in the image, but, at a coarser spatial resolution due to the merging process. Both

approaches achieve better performance than other baselines in their experiments, but it may depend

on the application whether local or global context is more important. Regarding the classification

of image time series, the separate consideration of spatial and temporal dependencies is a common

strategy. For instance, Arnab et al. (2021) use a ViT for video scene classification and compare

different variants for capturing spatial and temporal context. The best performing variant is the

one in which self-attention is computed between all (spatial and temporal) input feature vectors,

but it also requires the highest computational costs. When the computation is separated (first

spatial, then temporal), the quality of the results decreases only slightly, but the computational

effort is reduced to 60%. These results might be transferable to applications in the RS domain, but,

to the best of our knowledge, no existing approach working with SITS compares the performance

of a model which separates spatial and temporal computations to a model that jointly captures

spatio-temporal context.

Approaches belonging to the second group try to reduce the computational complexity within the

self-attention layer. Garnot and Landrieu (2020) introduce the L-TAEmodule that combines several

strategies to reduce the computational complexity (cf. section 2.2.2.3). Their main contributions

are the direct usage of the input features as value matrix, the definition of the query matrix as a

model parameter, and splitting the input features directly into different groups that serve as input

to the individual heads instead of learning a linear mapping from the input. Zhang and Yan (2023)

introduce a router mechanism that first gathers information from all input dimensions by using a

query with highly reduced dimension. Afterwards, the aggregated features transformed to feature

with higher dimensionality again by using a key and a value matrix with reduced dimensions. Zaheer

et al. (2020) reduce the number of computed dependencies in the self-attention matrix A = QKT

by only computing selected values from A instead of computing the complete matrix A. This is

done by combining random attention, window attention, and global attention. In random attention,

only a defined portion of randomly selected elements of A are computed, while in window attention

the values in A related to neighbouring feature vectors are computed and in global attention, the
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values in A that correspond to features within the same row or column are computed. With this

approach, Zaheer et al. (2020) can process eight times more input feature vectors compared to the

standard approach while still achieving state-of-the-art performance.

One approach that is related to both categories is the architecture proposed by Ding et al. (2024)

for real-time semantic segmentation of remote sensing images, e.g. for the usage on drones. They

focus on reducing the computational complexity by two contributions: First, they introduce a

selective scanning approach that enlarges the receptive field of the model without increasing the

computational complexity. This is done by scanning the image in the row and column of the current

image patch and only computing spatial context between these patches. In the architecture of Ding

et al. (2024) these features are extracted by convolutional layers, however, the selective scanning

approach could easily be transferred to self-attention layers. Second, a Transformer branch is

only used in the training process by using loss functions that are based on the features from the

convolutional and self-attention layers. The goal is that the Tranformer branch supports the main

architecture to find suitable weights by focussing on the most relevant features. During inference,

the learned weights from the encoder and decoder can be used without the Transformer branch,

which significantly reduces the inference time. With these adaptations, Ding et al. (2024) achieve

state-of-the-art performance on two of the three used datasets, while processing the images in

real-time with a lightweight architecture.

To summarise, there are various approaches for reducing the computational complexity without

compromising performance, i.e. by decreasing the number of input vectors to a self-attention layer

or by modifying the self-attention layer itself in a way that the number of computations is reduced.

Several methods are applied to SITS data, but, to the best of our knowledge, no direct comparison

of the strategies to reduce the computational complexity has been conducted so far. Another

interesting aspect that is only covered by Arnab et al. (2021) for video scene classification is a

comparison to models in which the computational complexity is not reduced, e.g. by separating

the temporal and spatial dimensions. Such an analysis with SITS could evaluate to what degree

the mentioned modifications have an impact on the performance for SITS classification tasks.

3.4 Training data for remote sensing applications

One challenge in the field of remote sensing is the available training data. While satellite images

are available in large amounts, the generation of accurate training labels is time-consuming and

expensive, and the variety of applications and sensors results in different requirements for the

annotations in terms of expert knowledge (An et al., 2024). This challenge results in many task-

specific remote sensing datasets that are commonly limited in size, and several strategies try to

compensate for the lack of training data for DL models.

One strategy that is often followed in RS is the usage of existing datasets, e.g. from online maps

(Kaiser et al., 2017) or topographic databases (Maas et al., 2018; Yang et al., 2021; Voelsen et al.,

2024). The training labels are generated by rasterising the available information from the database

and combining them with corresponding aerial or satellite imagery. This process leads to large
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training datasets; however, commonly, they include some wrong assignments in the labels, which is

referred to as label noise in literature. If a dataset includes label noise, this can have an impact on

the training process and, consequently, on the classification performance. If label noise is known to

be included in a dataset, its impact can be reduced by several strategies; see Song et al. (2023) for a

detailed overview of this research field. Topographic databases are used as training labels in several

works with the goal to use the classifier later to update the existing outdated databases. Maas et

al. (2018) integrate a noise model directly in a random forest classifier to cope with the label noise.

Other approaches use datasets including label noise without strategies to mitigate its impact (Yang

et al., 2021; Voelsen et al., 2024). Kaiser et al. (2017) use a FCN for the semantic segmentation

of roads and buildings and generate a large training dataset based on free available online maps

that helps to improve the classification accuracy when used for pre-training. In their experiments,

they analyse the impact of a large training dataset with label noise and come to the conclusion

that a large dataset, even if it includes some errors, nevertheless helps to improve the classification

accuracy, compared to models trained with just a small dataset without any errors. When DNNs

are used as classifiers, the advantage is that commonly included strategies for regularisation, such

as data augmentation, dropout or batch normalisation (cf. section 2.1.4.6), also help to mitigate

the effect of label noise because they help to reduce the model’s capacity to learn the structure of

the noise.

To summarise, the challenge of acquiring sufficient amounts of training data for RS applications

remains due to the varying requirements of different applications and used sensors. While strategies

such as using automatically generated datasets can mitigate the effect of limited training data, this

approach typically leads to label noise that can impact the model’s performance. Other strategies

to compensate for limited training labels include pre-training on different larger training datasets or

training based on self-supervision. Due to the diversity of remote sensing datasets and applications,

no solution fits all needs. In the context of this thesis, a dataset based on training labels derived

from an existing topographic database is used. However, the impact of label noise is not the focus

of this thesis but can be an aspect to be analysed in future research.

3.5 Discussion

SITS are a complex data source, combining two spatial, one spectral, and one temporal dimension.

Methods that are applied to this type of data need to extract meaningful features from these

dimensions individually but also should capture inter-dependencies between them (Miller et al.,

2024). In itself, this is a challenging task, but several further aspects need to be considered. One

aspect is the computational complexity that can drastically increase when using four-dimensional

SITS data. This is closely related to the generation of patches that are commonly used to reduce

the computational complexity in the beginning of the model but comes with the cost of loosing some

finer spatial structures. Another aspect is a suitable receptive field that is appropriate for the pixel

size in object space (GSD). For SITS, the GSD is commonly coarser compared to aerial imagery

that is used in many approaches. Finally, most approaches focus on the generation of one output

map, e.g. for the task of crop classification, and only some works also generate multi-temporal

output maps. In the following, these aspects are discussed in detail, thus defining the research gap
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to be tackled in this thesis. The chapter concludes with a discussion of the works that are most

closely related to the presented one, focusing on the differences to them.

Capturing spatial and temporal context: Recent methods for SITS classification focus on

Transformer models. Especially for the extraction of temporal dependencies, current approaches

concur that self-attention outperforms other methods such as CNNs or RNNs (Garnot and Landrieu,

2021; Rußwurm and Körner, 2020; Li et al., 2022a; Voelsen et al., 2024). The main advantage of self-

attention is that global and local context can be considered within one self-attention layer, while the

temporal encoding helps to include information about the temporal ordering and irregular temporal

intervals. Regarding spatial computations, convolutions are successfully used in many works (Ji et

al., 2018; Stucker et al., 2023; Garnot and Landrieu, 2021; Zhang et al., 2023a; Yuan et al., 2022),

but recent approaches also use self-attention in these dimensions and achieve good performance

(Tarasiou et al., 2023; Zhang et al., 2022b; Xu et al., 2021). While convolutions extract local

context in the spatial neighbourhood of a pixel, self-attention can potentially also consider global

context. In practice, the global view is commonly restricted, e.g. to a window (Liu et al., 2021),

due to the computational complexity. Some works try to integrate at least some global context, e.g.

by random attention (Zaheer et al., 2020) or by shifting the generated windows (Liu et al., 2021).

However, in most models, the receptive field enlarges only with deeper hierarchy levels that have a

coarser spatial resolution. This might be one reason that the majority of approaches for pixel-wise

classification of SITS uses convolutions in some part of the model, at the latest in the decoder part

to obtain feature maps with the original spatial resolution. Therefore, it is still an open research

question whether self-attention or convolutional layers are better suited to incoorperate spatial

context, and it might depend on the application which method performs better on SITS.

Most approaches for SITS classification have in common that they consider spatial and temporal

context separately, e.g. after each other (Tarasiou et al., 2023; Garnot and Landrieu, 2021) or

in parallel (Voelsen et al., 2024), mainly due to the increase in computational complexity when

all feature vectors serve as inputs to a self-attention layer. The separation has the advantage

that different methods can be used in different dimensions that are well suited for the individual

characteristics of the data. This might be the main reason why hybrid approaches commonly

result in improved performance compared to approaches relying on a single method for applications

related to SITS classification. However, existing approaches employing hybrid strategies are limited

with respect to the spatial receptive field (Yuan et al., 2022; Zhao et al., 2023b; Li et al., 2022a;

Zhang et al., 2023a) or by exploiting temporal dependencies only at a very coarse spatial resolution

(Stucker et al., 2023; Garnot and Landrieu, 2021). Especially for tasks like LC classification both,

spatial and temporal context are of equal importance, and a model that exploits both types of

context by using suitable methods for each dimension is expected to achieve a better performance

compared to models with restricted receptive field or solely relying on a specific method. Therefore,

the investigation of hybrid models for SITS classification, separating the extraction of spatial and

temporal context and using well suited methods for the different characteristics of the data, across

varying spatial resolutions, represents a research gap.

To close this research gap, this thesis proposes a hybrid module in which spatial and temporal

dependencies are modelled in separated streams, followed by a fusion layer. For encoding temporal
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dependencies, self-attention layers are used, as recent research agrees that this method outperforms

other methods in the temporal dimension. Spatial context is extracted by convolutions in the new

model. Convolutions capture context from the local spatial neighbourhood, which is expected

to be well suited for the coarser spatial resolution (3 and 10m) of the satellite datasets that

are used. However, the receptive field enlarges with deeper model layers because a hierarchical

encoder-decoder architecture is used. To the best of our knowledge, none of the existing methods

adequately addresses this task, which combines larger spatial and temporal receptive fields while

the computational complexity is still manageable due to the separate computations in the spatial

and temporal dimensions.

Another aspect in SITS classification is the receptive field of a model, which is, among others,

defined by the depth of the model, i.e. the number of downsampling layers, in relation to the

GSD of the dataset. A receptive field of 10×10 pixels would cover an area of 10m×10m in object

space for a GSD of 1m, but, for another sensor with a GSD of 10m, the same model would cover

100m×100m in object space. This example shows that the use of a different dataset in the same

model can lead to an input area of completely different size, impacting the model’s results. The

receptive field in object space should, therefore, always be selected based on the application and the

dataset, e.g., by selecting it in relation to the expected size of the objects to be classified. However,

none of the approaches discussed in this chapter is analysing a suitable receptive field of the model

in relation to the used datasets. In this thesis, this research gap is addressed by performing a larger

number of ablation studies to find the appropriate receptive field for the respective dataset.

Generation of multi-temporal output maps: Most approaches that are discussed in section

3.3.2 deal with tasks for which the generation of a mono-temporal output map is sufficient, e.g. for

the classification of crop types. For other applications, including monitoring of processes of LC, it is

important to predict output maps for several timesteps, making it possible to analyse the temporal

change of LC. Only a few approaches follow this strategy in the field of SITS classification. Yuan et

al. (2022) introduce the SITS-Former that is pre-trained in an unsupervised way, whereas Stucker

et al. (2023) combine a U-Net with temporal self-attention for cloud removal from SITS. However,

none of them deals with multi-temporal LC classification. The method proposed in this thesis fills

this research gap by introducing a new architecture for SITS classification that predicts one output

map for each input timestep. Spatial and temporal dependencies are extracted in all model stages,

helping the model to learn dependencies in these dimensions. To the best of our knowledge, this is

the first time this is done for LC classification with SITS.

A further aspect related to the generation of multi-temporal output maps is the question of how

the temporal dimension is kept and used throughout all model layers. Stucker et al. (2023) apply

convolutions separately in all encoder and decoder layers, and a connection between the different

timesteps is integrated by the L-TAE module, which is used in the coarsest spatial resolution

of the model and upsampled to use the extracted temporal dependencies as weights in the skip

connections. However, none of the existing approaches related to SITS classification investigates

how temporal features, extracted at all hierarchy levels of an encoder-decoder architecture, can be

integrated into the later decoder layers. Therefore, in this thesis, the approach to use temporal

features to weight spatial features introduced by Garnot and Landrieu (2020) is extended to all
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spatial resolutions instead of only using it in the bottleneck layer. In this way, it is possible

to consider temporal dependencies in different spatial resolutions, which is important because in

deeper layers the extracted spatial features summarise the characteristics of a larger receptive field,

while in the first layers, more simple features are computed based on a relatively small receptive

field.

Patch generation: One of the challenges in pixel-wise classification is the large number of

pixels in comparison to other applications, e.g. to temporal sequences. In the Transformer models

that have been adapted for image classification, a patch embedding module is used at the beginning

to combine several pixels into one feature vector (Dosovitskiy et al., 2021). This idea is also used

in most models applied for pixel-wise classification (Strudel et al., 2021; Liu et al., 2021). In the

Swin Transformer, the sliding window approach makes it possible to reduce the number of pixels

that are combined in one patch, but still commonly 16 (4 · 4) or 4 (2 · 2) pixels are combined

in this step. With the coarser GSD of satellite imagery this results in already large areas that

are covered by only one patch, e.g. 40 × 40m for Sentinel-2 images with 10m GSD. The whole

process of patch generation, therefore, results in difficulties in predicting the correct position of

class boundaries or, for the application of LC classification, in correctly classifying fine structures

such as streets (Strudel et al., 2021). Some strategies have been introduced to counteract this

difficulty, e.g. by using skip connections to include information about the exact position from the

early layers into the later layers of the model, but, they can only partly mitigate this problem.

Several approaches which are not based on Transformers only apply convolutional layers at the

original spatial resolution of the input images in SITS classification (Stucker et al., 2023; Yuan

et al., 2022). However, to the best of our knowledge, no existing approach in the field of SITS

classification directly replaces the patch embedding module, as used in (Dosovitskiy et al., 2021)

or (Liu et al., 2021), by a convolutional embedding. In this work, this research gap is addressed by

introducing a convolutional patch embedding module that replaces the standard one. This module

combines 3D convolutional layers with max-pooling layers to downsample the spatial resolution.

Therefore, spatial and temporal dependencies are already extracted at a higher spatial resolution

compared to models using the standard patch embedding module. Furthermore, the extracted

features can be used in additional skip connections, serving as additional features to the last layers

of the decoder.

3.5.1 Comparison to the most similar works

To highlight the contribution of this thesis, the most similar works from literature are discussed

in detail with a focus on highlighting the similarities as well as the main differences between them

and the proposed method. Most relevant are the works of Stucker et al. (2023) and Yuan et al.

(2022) because, similarly to the method proposed in this thesis, these approaches are based on SITS

and follow different strategies to consider spatial and temporal dependencies. Furthermore, both

approaches predict multi-temporal output maps, which is rarely the case in approaches related to

SITS classification.

The Utilise model, introduced by Stucker et al. (2023) and explained in detail in section 2.2.2.4,

is one of the approaches most similar to the method introduced in this thesis. One significant
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difference is the application for which the model is developed, because Utilise solves the task of

cloud removal from SITS and therefore the generated output maps consist of pixel intensity values,

which corresponds to a regression task. Nevertheless, the model is easily adjustable to classification

tasks by modifying the last layer of the model. Utilise uses convolutional layers separately for all

input timesteps in a hierarchical encoder with four stages to extract features encoding spatial

context. In the bottleneck layer, a lightweight temporal-attention encoder (L-TAE, cf. section

2.2.2.3) is used to capture temporal context. The main reason to do so only at the coarsest spatial

resolution level is a reduction of the computational complexity due to the lower number of patches

at that level. This is the first main difference to the model proposed in this thesis, which performs

computations in the spatial and temporal dimensions at all hierarchy levels in the model. Stucker

et al. (2023) argue that it is sufficient to consider temporal dependencies at the coarsest spatial

resoltion for the task of cloud removal, but it is unclear if this assumption is true and holds for

different applications including land cover classification, as Stucker et al. (2023) do not compare

their strategy to a baseline model that extracts temporal context at other spatial resolutions.

Similar to the encoder, convolutional layers are used separately for all timesteps in the decoder part

of the model, and they are combined with upsampling layers to obtain the original spatial resolution

at the last stage of the model. This results in an output map for each input timestep and is similar

to the model proposed in this thesis. The Utilise model is relatively lightweight, i.e. the setting

used by Stucker et al. (2023) results in only one million trainable parameters, and the combination

of convolution and self-attention results in good performance. The main disadvantage is the late

computation of temporal context at the coarsest spatial resolution, which raises the question if that

is sufficient, especially for the task of LC classification. In the experiments conducted in this thesis,

the Utilise model is used for comparison purposes to investigate the model’s performance as well

as the computational complexity in comparison to the method proposed in this thesis.

Yuan et al. (2022) propose the SITS-Former, a Transformer model for SITS classification. They

pre-train it in an unsupervised manner on a large Sentinel-2 dataset by predicting missing patches

in the timeseries. Similarly to the method proposed in this thesis, the authors use a temporal

encoding and multi-head self-attention layers as in the original Transformer model (Vaswani et

al., 2017). The input to the SITS-Former is a temporal sequence of patches with a spatial extent

of 5 × 5 pixels, which drastically limits the spatial context that can be considered. In the patch

embedding of the SITS-former, 3D convolutions are used to extract spatial-spectral features from

all timesteps in parallel, and feature vectors of a defined dimension are obtained, which serve as

inputs to the Transformer encoder. Therefore, during patch embedding, only spatial and spectral

context is encoded, while the encoder solely focuses on extracting temporal dependencies. The

generated output is multi-temporal, but for crop classification, which is the goal of Yuan et al.

(2022), the output is fused to one output map again. A large difference compared to the method

proposed in this thesis is the usage of a large unlabelled SITS dataset for unsupervised pre-training.

This is a promising direction for future research when only a small labelled dataset is available.

However, in this thesis, a comparably large SITS dataset is available, and self-supervised learning

is not the focus of this thesis. Another difference to the method proposed in this thesis is that

spatial and temporal dependencies are considered one after the other, but in combination with a

very small spatial receptive field as no spatial context beyond the borders of the 5× 5 pixels input
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patches is considered. However, Yuan et al. (2022) do not investigate if the limited spatial context

has a negative impact on the classification performance. In contrast to the SITS-Former, the model

introduced in this thesis considers spatial and temporal context in all stages of the model and the

spatial receptive field is not restricted to a small window. Additionally, the 3D patch embedding

captures spatial and temporal context already at the original spatial resolution, which has the

advantage that the extracted features can be integrated into the decoder layers to increase the

performance for object boundaries or the classification of fine details.

To summarise, in this thesis, a new model for multi-temporal SITS classification is introduced.

It is based on a hybrid module that considers spatial context by using convolutions and temporal

context using self-attention. On the one hand, this separation of feature computation results

in a less complex structure and, on the other hand, it is expected that convolutions are better

suited to capture spatial context. For the consideration of temporal context, self-attention is

used. Furthermore, the model generates multi-temporal output maps, making it possible to predict

different classes for the same pixel over time, which makes it possible to use the predictions for

monitoring land cover processes. Furthermore, the patch embedding from the original Swin model

(Liu et al., 2021) is replaced by a patch embedding module based on 3D convolutions. In this

way it is possible to extract spatio-temporal features at the original resolution of the input images

before the spatial resolution is reduced. An additional contribution is the temporal weighting, i.e.

multiplication of the features from the temporal and spatial streams in the skip connections of all

model stages. In this way, features encoding spatial and temporal context at all hierarchy levels

are integrated into the decoder layers of the model which shall help to predict more accurate class

boundaries.
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4 A new method for SITS classification

In this chapter, the new method for multi-temporal pixel-wise classification of SITS is introduced.

The prerequisites for the proposed method are presented in section 4.1. The general overview of

the model is given in section 4.2.1 followed by a detailed description of the encoder (section 4.2.2)

and decoder architectures (section 4.2.3). Afterwards, the individual modules used in the new

architecture are described in sections 4.2.4 - 4.2.7, including the spatio-temporal patch generation

module, the temporal position encoding, the hybrid feature extraction module, which encodes

the spatio-temporal dependencies, and the temporal weighting module. Section 4.2.6 additionally

includes two modules for encoding spatial and temporal features that are both solely based on self-

attention layers and serve as modules for comparison in the experiments. The training procedure

is described in section 4.3.

4.1 Prerequisites

The proposed method requires multi-temporal input images X ∈ RT×B×H0×W0 , where T represents

the number of timesteps, B the number of spectral bands, and H0 and W0 the height and width

of the input images, respectively. The model predicts multi-temporal maps Ŷ ∈ RT×H0×W0 . In

training they are compared to multi-temporal labels maps Y ∈ RT×H0×W0 for computing the loss.

In general, the number of used timesteps, spectral bands and the input height and width can

be selected freely, but have to be identical in the training and inference processes. It is further

assumed that the GSD stays constant during the training and inferencing process. In the context

of this thesis, the used time series always covers a time period of one calendar year (January to

December). This has the advantage that a whole vegetation cycle is covered, which has been found

to be beneficial for the classification performance, especially for vegetation or crop classes when

SITS are used (Ji et al., 2018; Rußwurm and Körner, 2020). The number of timesteps T is defined

as a hyper-parameter that stays constant during training and inference. The process to generate

the image timeseries X during training and inference is described in detail in section 4.1.1 In the

context of this thesis, the proposed method is applied and evaluated for the task of LC classification.

In general, the model can also be used for different applications in the field of remote sensing, e.g.

crop mapping or deforestation detection, under the condition that multi-temporal images and label

maps are available.

4.1.1 Generation of image timeseries

The number of timesteps T used during training and inference is set as a constant model parameter.

As discussed before, one timeseries used as input always covers one calendar year (January to De-
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cember). To create the input X, the calendar year is split into T time intervals with approximately

the same number of days each. Afterwards, for each time interval, one representative satellite

image is chosen based on a strategy that differs between training and evaluation. An overview of

the strategy to select images that are combined to one image timeseries X is shown in figure 4.1.

During training, the representative image for each time interval is chosen randomly from all

available images in that interval. In this way, the training dataset is even larger compared to a

strategy using the same acquisition date every time. For this purpose, in the training process, first,

an area is selected randomly from the available training data. Afterwards, one image is selected

randomly for each temporal interval from all acquisition dates available for the selected area.

This is visualised by the blue rectangles in figure 4.1. As a last step, random data augmentation,

including rotations by 90◦, 180◦, 270◦ and horizontal and vertical flipping is applied on the complete

image timeseries, which means that the same augmentations are applied to all images in the same

timeseries. In the end, the selected images showing the same area but for different timesteps within

the temporal intervals are combined to form the input X. In this way, even if the same area

is chosen multiple times for training, the used images can still be different, which increases the

variability of the whole training dataset. In previous experiments, this strategy performed better

than always using the same image for each temporal interval, probably due to the larger variability

of the appearance of objects.

The validation and test dataset are used to monitor the performance of the classifier during

the training process or to compare different model variants after the training process finished.

Therefore, validation and testing have to be based on the same image timeseries every time the

validation or test accuracies are computed. To generate the test dataset Tte = {Xj , Yj}
nTte
j=1 , a

number of nTte image patches are selected from the available dataset T . For each temporal interval

t ∈ {1, ..., T}, the image that is acquired most closely in time to the middle of the interval is chosen,

visualised by the orange rectangles in figure 4.1. In this way, the intervals between the acquisition

times of the images in one input SITS are as similar to each other as possible, and the evaluation

is based on the same images for all experiments. This procedure is also applied for the validation

selection. It is worth noting that care is taken for the training, validation and test datasets not to

overlap.

4.2 Model architecture

This thesis presents a new model for spatio-temporal SITS classification at pixel level. The proposed

model integrates a new patch generation module at the model’s input stage, followed by hybrid

feature extraction modules that simultaneously capture spatial and temporal dependencies. The

patch generation module employs 3D convolutions that extract spatio-temporal features by shifting

a 3D kernel matrix in the spatial and temporal dimensions of the input X. The hybrid feature

extraction module uses self-attention to consider temporal context and separate 2D convolutions to

capture spatial dependencies. Both modules are integrated into a multi-temporal encoder-decoder

framework. By combining the strength of self-attention, convolution and feature extraction already

at the original spatial resolution, this model is expected to improve the classification performance
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X

Jan. Dec.T = 4

Figure 4.1: Visualisation of the strategy to generate the input timeseries X for a number of timesteps T = 4,

i.e. each time interval would cover approximately three months. Blue rectangles visualise the

random selection strategy used during the training process. The orange rectangles visualise the

selection of the images that are acquired most closely in time to the middle of the corresponding

time interval, which is the strategy used in the inference process.

compared to approaches using the standard patch generation or solely relying on spatial or temporal

context.

4.2.1 Overview

The new model for SITS classification is based on an encoder-decoder architecture and is shown

in figure 4.2. In the encoder, the input X is processed by the new 3D patch generation (3D-PG)

module that reduces the spatial dimension to (H0/P ×W0/P ), before temporal position encoding

(TE) is added. Afterwards, a number S of stages follows. In the individual stages s ∈ {1, ..., S},
the new hybrid feature extraction module FEhyb is used Ls times to extract feature encoding

spatial and temporal context in separate streams. The 3D-PG and the FEhyb modules are the

main contributions of this thesis. Between subsequently applied stages, the spatial resolution is

reduced by a factor of two using a patch merging layer (cf. section 2.2.2.4).

The hierarchical encoder can be combined with any hierarchical decoder under the condition that

the decoder is able to handle multi-temporal images too and predict maps for every timestep. The

decoder used in this thesis is based on UPer-Net (Xiao et al., 2018); it is extended to handle the

additional temporal dimension and is used to generate the pixel-wise predictions maps Ŷ . Between

the encoder and decoder stages of the same spatial resolution, skip connections are used. In these

skip connections, the new temporal weighting module (TW) is applied, which uses the features

extracted by the temporal and spatial streams of the last FEhyb module of the corresponding

encoder stage. One important property of the proposed method is that the number of timesteps T

is maintained throughout all encoder and decoder stages. In the following, the general structure of

the encoder and decoder is introduced in sections 4.2.2 and 4.2.3, respectively.

4.2.2 Encoder

The encoder follows a hierarchical structure that processes the data at different spatial resolutions

and is used, e.g. in the U-Net (Ronneberger et al., 2015) and the Swin Transformer (Liu et al.,
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3D-PG
TE

Stage E1

Stage Es

Stage ES

FEhyb

FEhyb

FEhyb

L1×

Ls×

LS×

TW

TW

TW Stage DS

Stage Ds

Stage D1

Output generation

PPM

UPer-Net decoder

Figure 4.2: General model overview. 3D-PG: patch generation based on 3D convolutions (section 4.2.4).

TE: Temporal position encoding. FEhyb: Hybrid feature extraction module (section 4.2.6.1),

Es, Ds: Encoder and decoder stage s with the same spatial dimension, respectively. Ls: Number

of sequentially used FEhyb modules for stage Es. TW : Skip connection with temporal weighting

(section 4.2.7), PPM: Pyramid pooling module from UPer-Net. Green layers: Patch merging,

violet layers: Upsampling by bilinear interpolation +○: Element-wise addition of input features.

2021). In this thesis, one hierarchy level is defined as the group of all layers that share the same

spatial resolution and is referred to as one stage. The main difference to the mentioned models

from literature is the number of timesteps T of the input X ∈ RT×B×H0×W0 that is maintained

throughout the whole model. To be able to consider temporal and spatial dependencies in the

encoder stages, a new module FEhyb is introduced. In this module spatial dependencies are encoded

by convolutions and temporal dependencies are considered by self-attention layers. This is done

in separate streams, which significantly reduces the computational complexity. An overview of the

encoder is shown on the left side of figure 4.2.

The input X is first processed by the 3D patch generation (3D-PG) module, which is one of

the main contributions of this thesis. In this module, spatio-temporal dependencies are encoded

by applying 3D convolutions, shifting the kernels in the spatial and temporal dimensions of X at

the original spatial resolution. Afterwards, the spatial dimension is reduced to obtain the required

image patches that are needed for the following layers. In the 3D-PG module, the number of input

bands is gradually increased from B bands of the input X to Cin, a feature dimension that is

defined as a hyper-parameter. In the context of this thesis, a patch is represented by a feature

vector of a certain dimension (Cin after applying the 3D-PG module) that contains features from

a defined region of the input image. That is, after patch generation, information from P ×P pixels

is represented by one feature vector. The region for which a feature vector is representative gets

larger in the deeper model stages, i.e. whenever patch merging is applied. The temporal dimension
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remains unchanged, resulting in T patches that describe the same region of the input images for

the different timesteps. A detailed description of the 3D-PG module is given in section 4.2.4.

Afterwards, a temporal position encoding (TE) is added to the features of all timesteps to include

information of the acquisition dates that are used within the timeseries. The temporal position

encoding is based on the position encoding from (Vaswani et al., 2017) and adapted to take the

acquisition dates of the input images into account. It is described in section 4.2.5. After the patch

generation and temporal encoding are applied, the sequence Zemb ∈ RT×Cin×N1 is generated. The

number of input patches to the first stage of the model is N1 = H0/P ·W0/P = H1 ·W1 for each

timestep, defined by the height H0 and width W0 of the input images and patch size P . Zemb

serves as input to the first stage E1 of the encoder. Note that, similar to the mono-temporal Swin

Transformer, the sequence Zemb ∈ RT×Cin×N1 can be rearranged to a tensor Aemb ∈ RT×Cin×H1×W1 ,

which is necessary e.g. for the convolutional layers in the FEhyb module.

The main component of the encoder are the stages E1 - ES , with S representing the total number

of stages, adapted from mono-temporal encoder-decoder architectures, e.g. the Swin Transformer

described in section 2.2.2.4. The output of a stage s is defined by Zs ∈ RT×Cs×Ns , where Cs denotes

the feature dimension, Ns = Hs · Ws the number of patches and (Hs,Ws) denote the height and

width of the feature maps in stage s, respectively. The output Zs serves as input to the patch

merging layer that reduces the spatial dimension by a factor of two (Hs+1 = Hs/2,Ws+1 = Ws/2)

before the next stage is applied. During patch merging, a linear layer transforms the features

vectors of those patches that are merged into one representative feature vector. In this layer the

number of feature maps is doubled compared to the number of features in the previous stage,

resulting in a feature dimension of Cs = Cin · 2s−1 in stage s. In each stage, a certain number

Ls of the new hybrid spatio-temporal feature extraction modules FEhyb are applied consecutively,

with ls ∈ [1, ..., Ls] being the index of the modules in stage s. Ls is set as a hyper-parameter for

each stage. In the FEhyb module, spatial context is encoded by convolutional layers, and temporal

context is considered based on self-attention. This is done in two separate streams, the outputs

of which are combined to form the final output Zs,l of module l in stage s. The details about the

FEhyb module are described in section 4.2.6.1. The total number of stages S is a hyperparameter

that can be adjusted to change the receptive field and number of trainable parameters of the model.

The output of the last encoder stage ZS serves as input to the deepest layer of the decoder, which

is described in section 4.2.3.

4.2.3 Decoder: Multi-temporal UPer-Net

The multi-temporal decoder is an extension of the UPer-Net decoder, introduced by Xiao et al.

(2018) for mono-temporal images and explained in section 2.2.1.5. The goal of using a multi-

temporal decoder is to maintain the number of timesteps T and obtain the original spatial resolution

in the last layer of the model, resulting in the predictions Ŷ ∈ RT×H0×W0 . Similar to the mono-

temporal variant, the multi-temporal UPer-Net consists of several stages that are denoted byDs. As

shown in figure 4.2, the decoder stages are counted backwards starting from S at the deepest stage,

to 1 as the last stage (before output generation) of the model. This is done to have the same spatial

resolution Hs,Ws in corresponding encoder and decoder stages Es and Ds. The output of a decoder
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stage is denoted by ADs ∈ RT×Cdec×Hs×Ws , where Cdec denotes the number of feature maps that

stays constant in all decoder stages. The main difference to the mono-temporal UPer-Net (section

2.2.1.5) is the additional temporal dimension of the feature maps ADs . Whenever computations,

e.g. convolutions or upsampling layers, are applied to ADs , this is done separately for all timesteps

T . Weights are shared across time to not drastically increase the number of trainable parameters

and to keep the number of parameters independent from the number of used timesteps. Another

adaptation is the separation of the PPM module from the deepest decoder stage DS . This is done

to be able to integrate the information from the skip connections from encoder stage ES into the

decoder, which was not the case in the mono-temporal UPer-Net. Skip connections connect the

encoder stages with the features from the decoder. Another novelty is the usage of the temporal

weighting module TW in these skip connections. The extracted features from the temporal and

spatial streams from the last FEhyb module of the corresponding encoder stage serve as input to

this module. In the TW module, the output of the temporal stream are used as weights for the

features extracted by the spatial stream, similarly to the strategy applied in the L-TAE introduced

by Garnot and Landrieu (2020). Details about the temporal weighting module are presented in

section 4.2.7.

The remaining layers of UPer-Net are structured similarly to those in the mono-temporal version

described in section 2.2.1.5. In the skip connection skipDs , the feature maps coming from the

TW module of the corresponding encoder stage Es are combined with the feature maps Askip(s+1)

from the previous skip connection or, in case of the first stage, from the output APPM of the

PPM module. If the features from the previous skip connection are used, the spatial resolution

is upsampled by a factor of two using bilinear interpolation. The features are again combined by

element-wise addition, and the obtained output Askip(s) serves as input to decoder stage Ds as well

as to the skip connection of stage s−1. A stage Ds consists of a convolutional layer with kernel size

k = 3, BN and an activation function. The activation function is defined in the hyper-parameters

studies (cf. section 5.2.1) in which ReLU, lReLU and GELU are tested. For the output generation,

the feature maps AD(s)∀s ∈ [1, ..., S] are upsampled by a factor 2s−1 and the output feature maps

APPM from the PPM are upsampled by 2S . After these upsampling layers all feature maps have

a spatial resolution of (H0/P,W0/P ). These feature maps are concatenated and transformed to

Cdec dimensions again by using a convolutional layer with k = 3, BN, and an activation function.

Afterwards, a last convolutional layer with k = 1, BN and activation function maps the features to

nc raw class scores, which are upsampled by the factor of P corresponding to the patch size that

is used in the patch generation module, which are normalised by a softmax layer. This results in

the final output of the model Aout ∈ RT×nc×H0×W0 . An overview of the decoder with all important

parameters is given in table 4.1.

4.2.4 Spatio-temporal patch generation

One contribution of this thesis is the introduction of a new spatio-temporal patch generation module

It combines 3D convolutional layers in the two spatial and the temporal dimensions with maximum-

pooling layers to reduce the spatial resolution afterwards. In this way, spatio-temporal features are

extracted at the original spatial resolution before this dimension is reduced to obtain Aemb ∈
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Stage Operation(s) Output Dimension

Bottleneck PPM(AS) APPM Cdec

SkipDS
TW (AS) +APPM Askip(s) Cdec

SkipDS−1−D1 TW (As)+Up(Askip(s+1),2) Askip(s) Cdec

Ds CB(Askip(s),3) AD(s) Cdec

Output
generation

Concat(∀s: Up(AD(s),2
s−1),Up(APPM ,2S−1)) ACC S · Cdec + Cdec

CB(ACC , 3) AC1 Cdec

CB(AC1, 1) AC2 nc

Up(AC2,P) A′ nc

Softmax(A’) Aout nc

Table 4.1: Multi-temporal UPer-Net that is used as decoder in the multi-temporal model for SITS classifica-

tion. PPM: Pyramid pooling module, CB(input,k): convolutional layer with kernel size k, followed

by BN and activation function. TW : Temporal weighting module, +: Element-wise addition,

Concat: concatenation of listed input feature maps along the feature dimension. Up(input,f):

Upsampling of the input by factor f with bilinear interpolation. S: total number of stages.

RT×Cin×H0/P×W0/P . The new module is referred to as the 3D-PG module and an overview of the

module is shown in figure 4.3.

The input to the 3D-PG module is the input image time-series X ∈ RT×B×H0×W0 and the

output, after adding the temporal position encoding, is Aemb ∈ RT×Cin×H0/P×W0/P . The patch

size P serves as the downsampling factor by which the spatial resolution is reduced at the end of

the 3D-PG module. Commonly used values for the patch size P in the Swin Transformer are P = 4

or P = 2, but larger values can also be used. To avoid a drastic reduction in one downsampling

layer, the number of downsampling layers depends on the used patch size P and is defined as

P/2. This means that in every downsampling layer the spatial resolution is reduced by a factor

of two, and at each resolution, spatio-temporal context is considered. Due to the downsampling

factor of two used in the maximum-pooling layers, the patch size P is restricted to values that

can be expressed by P = 2i, where i is a non-negative integer. The feature dimension is increased

over the subsequently applied PG blocks. In block j ∈ [1, ..., P/2] the feature dimension is set to

Cj = j · Cin/(P/2). A sequence of layers that extract features from feature maps with the same

spatial resolution in combination with the following downsampling layer is referred to as one patch-

embedding block (indicated by the red rectangle in figure 4.3). In each patch-embedding block a

number nemb of 3D convolutions, each followed by BN and an activation function, is applied (blue

rectangles in figure 4.3), before a downsampling layer reduces the spatial dimension by a factor of

two with maximum-pooling. After P/2 patch-embedding blocks have been applied, the temporal

position encoding is added and final output Aemb ∈ RT×Cin×H0/P×W0/P is obtained. Note that

Aemb and Zemb ∈ RT×Cin×N1 with N1 = H1 ·W1 = H0/P ·W0/P contain the same feature values,

but in different structures (image-like (Aemb) vs. sequence-like (Zemb)) and can be converted into

each other at any time in the processing chain. Both structures are needed in different parts of

the modules that are introduced in the following. In order to use a homogeneous notation, the

image-like notation will be used in the remainder of this chapter, except for specific equations that

need the sequence-like structure as the input.
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The patchification is one of the limiting factors of using Transformer models for image classifica-

tion. Spatio-temporal features are extracted at the original image resolution by using the 3D-PG

module, which can potentially help to improve the classifier’s performance at object borders or for

fine structures. To be able to use these features with a high spatial resolution in the later layers

of the model, the generated feature maps before the downsampling layer can serve as inputs to

additional skip connections that connect the patch generation module with the last layers of the

decoder. These connections are not used in the proposed model, but in another variant to anal-

yse the model’s performance with and without this connection (cf. section 5.2.4). The maximum

patch size used in this thesis is P = 4, which means that two patch generation blocks are used

consecutively.

X

3D conv(3)

BN, act

maxpool(2)

TE

×nemb

×P
2

Aemb

Figure 4.3: General structure of the 3D patch generation module (black rectangle). The red rectangle indi-

cates one patch-embedding block. In each patch-embedding block, a number nemb of 3D convo-

lutions (3D conv(k)) with kernel size k, each followed by BN and activation function, are applied

(blue rectangle). maxpool(f): Maximum pooling by factor f , P : Patch size, TE: Temporal

position encoding module. X ∈ RT×B×H0×W0 : Input timeseries, Aemb ∈ RT×Cin×H0/P×W0/P :

Output feature maps.

4.2.5 Temporal position encoding

Due to cloud cover, data gaps, or other circumstances, the satellite images that can be used for

classification can have irregular temporal intervals. Therefore, the information about acquisition

times and temporal differences in the input timeseries can provide additional important informa-

tion to the classifier. In the temporal position encoding module, which is referred to as TE, the

information about all used acquisition times in the used timeseries is provided to the model.

The temporal position encoding that is employed in this thesis is based on the temporal encoding

from (Garnot et al., 2020). It employs the acquisition date within a year of the used satellite images:

tet,ic = sin

(
DOY (t)

τ
2ic
Cin

+
π

2
mod(ic, 2)

)
, (4.1)

with DOY ∈ [1, ..., 365] being the day of the year the satellite image at timestep t was acquired,

t ∈ [1, ..., T ] the current timestep, and ic ∈ [1, ..., Cin] representing the feature index. The parameter
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τ is set to τ = 10000 in all experiments in this thesis. This results in a feature vector tet =

[tet,1, ..., tet,Cin ] for every timestep t, which encodes the DOY in a unique way. This also means

that for the same day in different years, the temporal encoding is identical. This can help the

model to capture seasonal or other temporal effects in a similar way for images acquired at the

same time in different years, under the assumption that the seasonal changes are similar in different

years. The temporal position encoding is computed for each input timestep and results in Tte =

[te1, ..., teT ] ∈ RT×Cin . Tte is repeated N1 times to be able to add the temporal information to

every patch, and the result is added to the output of the patch generation module by element-wise

addition to integrate the temporal information to every patch. The output after the temporal

position encoding is Aemb ∈ RCin×T×H1×W1 with N1 = H1 ·W1.

4.2.6 Spatio-temporal dependencies

Spatial and temporal dependencies are both crucial for pixel-wise classification of SITS. Therefore,

effective methods for the embedding of context in these dimensions is essential to achieve a good

classification performance. This thesis introduces a new hybrid spatio-temporal feature extraction

module, FEhyb, which is the core component of the proposed model for SITS classification. The

new module combines the encoding of spatial dependencies by convolutions with the consideration

of temporal dependencies by self-attention. The FEhyb module is described in detail in section

4.2.6.1.

To evaluate the performance of the proposed FEhyb module, two additional feature extraction

modules are introduced. Both of these modules are purely based on self-attention. The FEatt mo-

dule independently considers spatial and temporal context in two separate streams, which is similar

to the FEhyb module, but the spatial stream is based on self-attention. The third feature extraction

module, FEfull, applies joint spatio-temporal attention across all three dimensions concurrently

by considering patches from all timesteps and all spatial positions simultaneously within one self-

attention block. Both of the introduced modules can replace the FEhyb module, which is done

in separate model variants, enabling a comparative analysis of the proposed model’s performance

relative to these alternative approaches. The FEatt and the FEfull modules are described in section

4.2.6.2 and 4.2.6.3, respectively.

4.2.6.1 The hybrid feature extraction module

The new hybrid module FEhyb that is used to consider spatial and temporal context is introduced

with the goal of combining convolutions and self-attention layers to be able to exploit the advantages

of both methods. While convolutions are successfully used for many applications in image and

pixel-wise classification, self-attention was reported to outperform other methods for sequential

data (cf. section 3.3.1). As SITS combine both aspects, it is expected that a hybrid approach is

well suited for the application of SITS classification while reducing the number of computations and

therefore training time. The FEhyb module is realised by separating the computation of features

encoding spatial and temporal context in two streams, which are followed by a fusion module

to merge the features of both streams. The principle is illustrated in figure 4.4. In the spatial
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stream, convolutions are used to compute features encoding spatial context separately for each of

the timesteps. This is indicated by the yellow rectangle in figure 4.4 for one of the timesteps. In the

temporal stream, temporal dependencies are considered by self-attention layers, applied separately

tor all patches covering the same spatial area. The patches considered simultaneously within one

self-attention layer are indicated in red in figure 4.4.

t

Hs Ws

Figure 4.4: Visualization of the principle of feature extraction in the FEhyb module. The blue rectangle

indicates one patch, i.e. a certain area of the input image represented by a feature vector of

dimension Cs. The area of the input image is represented by the yellow rectangle including the

patches of stage s that are all considered in the spatial stream, while the red cuboid indicates

the patches considered in one self-attention block in the temporal stream. (Hs,Ws): Height and

width of the feature map in stage s, t: Index for timesteps. Note that the satellite images are

only used for visualisation purposes, because the input to a FEhyb module commonly consists

of the features from the previous FEhyb module or the patch generation module and not of the

original spectral input bands.

In stage s, the input to the FEhyb module (ls = 1) is the output As,l−1 of the previous module

or, in the case of the first module in stage s, the output As−1,Ls−1 of the patch merging module

applied at the end of stage s− 1. For the first stage (s = 1), the input to the FEhyb module is the

output Aemb after the patch generation and temporal encoding modules. For simplicity, only the

notation As,l−1 is used in this chapter to denote the input the FEhyb module. The input As,l−1

of the FEhyb module serves as input to both streams of this module. In the spatial stream, the

feature map Asp
s,l is computed based on convolutional layers. In the temporal stream, the features

Ate
s,l are computed using self-attention. Afterwards, these features are combined to a feature map

As,l in a fusion module, which serves as input to the next module l+1, or, in case the last module

in the stage is applied (ls = Ls), to the next patch merging module. An overview of the general

structure of an encoder stage Es, consisting of Ls consecutively applied FEhyb modules, is shown in

figure 4.5. The output of the spatial and temporal streams of the last module Ls in stage s are also

used in the temporal weighting module in the skip connections (section 4.2.7). In the following,

the spatial and temporal streams as well as the feature fusion are explained in detail.

Temporal stream: In the temporal stream of the FEhyb module, multi-head self-attention

(MSA) blocks, described in section 2.2.2.3, are used to compute features encoding temporal depen-
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Figure 4.5: Overview of an encoder stage Es considering LS consecutively applied FEhyb modules. A detailed

overview of the spatial and temporal streams is given in figure 4.6.

dencies in one temporal sequence of patches representing the same spatial area on the ground. The

structure of the temporal stream is depicted on the left side in figure 4.6. Throughout the temporal

stream the sequence-like structure Zs,l−1 is used because self-attention is applied independently for

all timeseries of features corresponding to the same spatial region. The total number of spatially

separated patches in stage s is denoted by Ns, resulting in Ns MSA blocks that are applied sepa-

rately. In each block, one sequence of T patches that represent the same spatial area on the ground

(red cuboid in figure 4.4) is used to compute new features that encode temporal dependencies. The

index np ∈ [1, ..., Ns] is used to indicate the np-th sequence of feature vectors obtained from Zs,l−1,

i.e patches, qhich is denoted by Z
np

s,l−1 ∈ RT×Cs . This results in the following computation in the

np-th MSA block:

Ẑ
np

s,l = MSA(LN(Z
np

s,l−1)) + Z
np

s,l−1 (4.2)

Z
np

s,l = MLP (LN(Ẑ
np

s,l )) + Ẑ
np

s,l ,

by using:

MSA(LN(Z
np

s,l−1)) = Concat(head1, . . . , headnh
) ·WO (4.3)

headh = Att(Qh,Kh, Vh)

Att(Qh,Kh, Vh) = Softmax(QhK
T
h /

√
ck) · Vh

with

Qh = LN(Z
np

s,l−1) ·W
Q
h , (4.4)

Kh = LN(Z
np

s,l−1) ·W
K
h ,

Vh = LN(Z
np

s,l−1) ·W
V
h .

Ẑ
np

s,l ∈ RT×Cs represents the output of the MSA-layer, Z
np

s,l ∈ RT×Cs denotes the output after

applying the MLP and the residual connection and LN indicates layer normalization WQ
h ,WK

h ∈
RCs×ck , W V

h ∈ RCs×cv and W 0 ∈ Rnh·cv×Cs denote parameter matrices for the linear projections

and headh represents the hth head of a total number of nh heads. The number of heads nh is set
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as a hyper-parameter and the feature dimensions ck of Qh and Kh and cv of Vh are defined as

ck = cv = Cs/nh.

As the last step in the temporal stream of the FEhyb module, the resulting features of all Ns

MSA blocks are stacked, meaning that the Ns outputs of size T ×Cs of the MSA blocks are stacked

to a tensor of size T × Cs × Ns (indicated by st in figure 4.6). This results in the final output of

the temporal stream Zte
s,l ∈ RT×Cs×Ns which is rearranged to Ate

s,l ∈ RT×Cs×Hs×Ws for the fusion

with the features determined in the spatial stream.

temporal stream

Z1
s,l−1 Z

np

s,l−1 ZNs

s,l−1

MSA

MLP

+

+

MSA

MLP

+

+

st

MSA

MLP

+

+

Z1
s,l Z

np

s,l ZNs

s,l

spatial streamAs,l−1

A1
s,l−1 At

s,l−1 AT
s,l−1

conv(3)

MLP

+

+

conv(3)

MLP

+

+
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conv(3)

MLP

+

+

A1
s,l At

s,l AT
s,l
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s,lAte

s,l Fusion

· · · · · · · · · · · ·

As,l

Figure 4.6: Structure of the FEhyb module. Blue rectangles: Layer normalisation, +○: Element-wise addi-

tion, st○: Stacking of outputs to one feature matrix, conv(k): Convolutional layer with kernel

size k. MSA: Multi-head self-attention, MLP : Multilayer Perceptron.

Spatial stream: In the spatial stream of the FEhyb module, 2D convolutional layers are

applied to the input patches of the same acquisition date t. The number of used acquisition dates

T is, therefore, equal to the number of convolutional blocks applied separately in this stream. The

number of patches that describe the same acquisition date in stage s is denoted by Ns = Hs ·Ws,

which is the number of patches processed in one block in the spatial stream. The structure of the

spatial stream is depicted on the right-hand side of figure 4.6.

The input As,l−1 ∈ RT×Cs×Hs×Ws to the FEhyb module is separated into T feature maps At
s,l−1 ∈

RCs×Hs×Ws , each of which contains the features of the corresponding timestep t. At
s,l−1 serves

as input to the t-th convolutional block, and new features are computed based on the following

equation:

Ât
s,l = conv(LN(At

s,l−1)) +At
s,l−1

At
s,l = MLP (LN(Ât

s,l)) + Ât
s,l, (4.5)

with Ât
s,l ∈ RCs×Hs×Ws representing the output of the convolutional layer after applying the residual

connection and At
s,l ∈ RCs×Hs×Ws representing the output of the block after applying the MLP
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and another residual connection. The symbol conv() represents a convolutional layer with kernel

size k = 3 and Cs output dimensions. The weights of the kernel matrices are shared across time,

i.e. in each of the T convolutional blocks the same kernels are used. Similar to the processing in

the temporal stream, the resulting features from all T convolutional blocks are stacked (st in figure

4.6) to form the final output of the spatial stream Asp
s,l ∈ RT×Cs×Hs×Ws .

Feature fusion: In the final step of the FEhyb module, the features extracted by the temporal

and spatial streams of the module are combined. For this purpose, the image-like structures of

Ate
s,l ∈ RT×Cs×Hs×Ws and Asp

s,l ∈ RT×Cs×Hs×Ws of the outputs of the temporal and spatial streams

are used. The spatial features Asp
s,l and the temporal features Ate

s,l (rearranged from Zte
s,l) are

concatenated, resulting in Acon
s,l ∈ RT×2Cs×Hs×Ws . To obtain a feature dimension of Cs again, a

fully connected layer is applied in the feature dimension to the map Acon
s,l to obtain the final output

As,l ∈ RT×Cs×Hs×Ws . As,l serves as the input to the next FEhyb module, or, in the case of the last

module in a stage, it serves as input to the patch merging layer. Additionally, the outputs of the

spatial and temporal streams of the last module in stage s serve as input to the temporal weighting

module TW for the skip connections of stage s (cf. section 4.2.7).

4.2.6.2 Attention-based embedding of spatial and temporal dependencies

The attention-based module FEatt to encode spatial and temporal dependencies is the first out of

two module variants that are used to analyse the performance of the proposed FEhyb module in

comparison to modules that are solely based on self-attention. Comparing the FEhyb module to the

FEatt module will help to analyse the impact of using convolutional layers instead of self-attention

in the spatial stream. The FEatt module has a similar structure as the FEhyb module, but instead

of using convolutions in the spatial stream, self-attention is used in both streams. All other aspects

are identical, including the splitting of the features in both streams and the feature fusion module.

As the structure of the temporal stream and the feature fusion is the same as described for the

FEhyb module in section 4.2.6.1, only the adapted spatial stream is described in the following.

Spatial stream based on self-attention: In the spatial stream of the FEatt module, the

input features As,l−1 are split into T feature maps At
s,l−1 with t ∈ [1, ..., T ] in the same way as in

the FEhyb module. At
s,l−1 is then rearranged into the sequence-like structure Zt

s,l−1, i.e. the two

spatial dimensions (Hs · Ws) are combined into one dimension Ns = Hs · Ws. Each input Zt
s,l−1

is processed by a self-attention block in which a window-based multi-head self-attention (W-MSA)

layer is applied as introduced in section 2.2.2.4. In the W-MSA layer, the spatial dimensions are

again partitioned into windows of M ×M patches to reduce the computational complexity of the

layer. In each block, the W-MSA module is applied, resulting in the following computations:

Ẑt
s,l = W -MSA(LN(Zt

s,l−1)) + Zt
s,l−1

Zt
s,l = MLP (LN(Ẑt

s,l)) + Ẑt
s,l, (4.6)

with Ẑt
s,l ∈ RCs×Ns representing the output of the W-MSA layer after applying the residual connec-

tion and Zt
s,l ∈ RCs×Ns representing the output of the block. After applying the MLP and another

residual connection. The resulting features from all T blocks are stacked to form the final output
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of the spatial stream Zsp
s,l ∈ RT×Cs×Ns . As in the original Swin Transformer, the used windows are

shifted by M/2 in the following block, i.e. block l + 1, to integrate global spatial context.

4.2.6.3 Joint consideration of spatio-temporal dependencies

Both modules introduced so far, FEhyb and FEatt, consider spatial and temporal dependencies in

separate streams before the results are combined in the last step of the modules. However, some

works, e.g. (Arnab et al., 2021), have shown that extracting spatio-temporal features in one self-

attention layer can result in improved performance. The major challenge in such a module is that

the computational complexity is considerably increased because T times as many patches serve as

input to one self-attention layer. Furthermore, convolutions can not be applied in such a scenario,

which can impact the models accuracy.

To be able to compare FEhyb to a module using self-attention to jointly extract spatial and

temporal dependencies, the FEfull module is introduced. A visualisation of patches considered in

one layer that jointly computes spatio-temporal features is shown in figure 4.7, while a detailed

visualization of the module components is given in figure 4.8. The FEfull module consists of

two parts: First, spatial dependencies are encoded for all timesteps in parallel similarly to the

spatial stream of the FEatt module. Afterwards, the features are combined and serve as input to

the second part, in which spatio-temporal features are computed from all patches of all timesteps

inside a defined spatial window based on self-attention. Both components of the FEfull module

are described in the following.

t

Hs Ws

M M

T

Figure 4.7: Visualization of the principle of feature extraction in the second part of the FEfull module. The

green cuboid indicates the patches considered in one self-attention block that uses theW -MSA3D

layer to compute spatio-temporal features. (Hs,Ws): Height and width of the feature map in

stage s, M : Window size, t: Index for timesteps. Note that the satellite images are only used for

visualisation purposes because commonly, the input to a FEfull module are the features from

the previous FEfull module or the patch generation and not the original spectral input bands.

Considering spatial context with self-attention: The embedding of spatial context in the

FEfull module is identical to the one used in the spatial stream in the FEatt module: The input

As,l−1 ∈ RT×Cs×Hs×Ws is separated into T feature maps, resulting in Zt
s,l−1 ∈ RCs×Hs×Ws as the



4.2 Model architecture 63

co
m
p
u
ta
ti
o
n
o
f
sp
a
ti
a
l
co
n
te
xt

As,l−1

A1
s,l−1 At

s,l−1 AT
s,l−1

W -MSA

MLP

+

+

W -MSA

MLP

+

+

st

W -MSA

MLP

+

+

A1
s,l At

s,l AT
s,l

Asp
s,l

W -MSA3D

MLP

+

+

· · · · · ·

As,l

Figure 4.8: Overview of the FEfull module. W -MSA indicates that features are computed within a window

of M × M patches to consider spatial context while W -MSA3D indicates that joint spatio-

temporal features are computed within a window of size M × M × T . Blue rectangles: Layer

normalisation, +○: Element-wise addition, st○: Stacking of outputs to one feature matrix.

input to the t-th self-attention block. Afterwards, in each block, a W-MSA layer is applied to the

sequence-like structure of the input features. The overall procedure is described by equation 4.6.

At the end, the features resulting from all T blocks are stacked (st in figure 4.8) to form the output

of the first part of the FEfull module, which is denoted by Asp
s,l ∈ RT×Cs×Hs×Ws .

Joint computation of spatio-temporal features with self-attention: The second part of

the FEfull module is the block that jointly considers spatio-temporal dependencies, which is shown

on the right side in figure 4.8. Asp
s,l serves as input to this module. In contrast to the modules

FEhyb or FEatt, the input directly serves as input to the W -MSA3D layer, and is not divided

into several inputs of small dimensionalities. To be able to compute self-attention across both

spatial and temporal dimensions, the W-MSA is adapted to handle multi-temporal input data,

which is indicated by the symbol W -MSA3D in figure 4.8. The W -MSA3D layer is an extension

of the W-MSA layer described in section 2.2.2.4. The main extension is an adaptation of the

window partitioning layer of the Swin Transformer (cf. section 2.2.2.4). In the original window

partitioning, an input of size Cs ×Hs ×Ws is arranged into non-overlapping regions, each having

a size of Cs × M × M , followed by applying self-attention to the sequence-like structure of these

features of size Cs×M2. In the 3D window partitioning layer, the input Asp
s,l of size T×Cs×Hs×Ws

is rearranged to non-overlapping windows, each of size T × Cs × M × M . To be able to encode

information from the spatial and temporal dimensions jointly, these features are rearranged to the

sequence-like structure, by combining the spatial and temporal dimensions to Zsp,w
s,l ∈ RCs×TM2

,

with w indicating that these features belong to one of the windows. Figure 4.7 shows an exemplary

visualisation of the input patches that are considered in one of the windows, indicated by the

green cuboid. Afterwards, multi-head self-attention is computed for all windows in parallel using
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equations 2.22 and 2.23. The number of input patches to one self-attention layer is N = T ·M2 as all

timesteps are used in window partitioning as well as the self-attention layer. This results in query,

key and value matrices Q3D,K3D, V3D ∈ RTM2×Cs serving as input to equations 2.22 and 2.23.

The number of considered dependencies increases from M4 (standard W -MSA) to M4T 2, as self-

attention is computed between all combinations of patches that serve as input for one window.

Increasing the number of input patches by the factor of T therefore results in a significant increase

in the number of computations, leading to a longer training and inference process. The remaining

parts of the joint feature extraction block are similar to those of the W-MSA, resulting in the

following computations:

Ẑs,l = W -MSA3D(LN(Zsp
s,l)) + Zsp

s,l

Zs,l = MLP (LN(Ẑs,l)) + Ẑs,l, (4.7)

with Zsp
s,l denoting the output of the spatial self-attention, Ẑs,l representing the output of the spatio-

temporal W -MSA3D layer and Zs,l ∈ RT×Cs×Ns being the output of the MLP after applying a

residual connection. Zs,l is rearranged to As,l, which serves as the final output of the FEfull

module. In the FEfull module, spatial and temporal dependencies are not considered separately,

and therefore, the temporal weighting module cannot be used directly when this module is used in

a model variant.

4.2.7 Temporal weighting in skip connections

Skip connections are used to combine features from the encoder stages with those from the decoder.

The main advantage of these connections is that features extracted at finer spatial resolutions,

i.e. the earlier encoder layers, serve as additional input to the later layers of the model decoder,

which is expected to increase the classification accuracy, especially near object boundaries or for

fine structures. In all encoder stages of the new method, spatial and temporal dependencies are

considered separately before the results of the two streams are combined for the next stage, which

involves a reduction of the feature dimension. The idea of the new temporal weighting module TW

is the usage of the outputs of the spatial and temporal streams directly in the skip connections.

This idea builds on the temporal weighting module introduced by Garnot and Landrieu (2021), who

interpret the features from the temporal streams as weights for the individual timesteps, indicating

which of the timesteps contain the most important information. The temporal features are then

used as weights for the spatial features. However, this weighting could also be interpreted the other

way around, i.e. that the features from the spatial stream are used to weight the features from the

temporal stream, because the weighting is realised by an element-wise matrix multiplication. As

the TW module needs separated sets of features computed by the temporal and spatial streams,

this module can only be used with encoder modules that provide such outputs. Therefore, in the

context of this thesis, the TW module can be used with the proposed FEhyb module as well as

with the FEatt module. The FEfull module cannot be used in combination with the TW module,

because it computes a single set of spatio-temporal features. The general structure of the TW

module is shown in figure 4.9.
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In the proposed model, the outputs of the temporal (Ate
s ) and spatial (Asp

s ) streams of the last

FEhyb module in stage s serve as input to the TW module of stage s (cf. figure 4.2). In the TW

module, first, Ate
s and Asp

s are multiplied element-wise, which can be interpreted as a weighting

of the spatial features by the temporal features. Afterwards, a convolutional layer with k = 3,

followed by BN and an activation function is applied to map the features to Cdec dimensions

that are needed in the UPer-Net decoder. Similarly to the original UPer-Net, the output features

ATW
s ∈ RT×Cdec×Hs×Ws are combined with the decoder features by element-wise addition in the

skip connections (cf. figure 4.2).

TW module stage s
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Figure 4.9: Structure of the temporal weighting module TW . multipl(·): Element-wise multiplication of

features in brackets, conv(k): Convolutional layer with kernel size k, BN: Batch normalization,

act: activation function. x○: Element-wise addition with upsampled features from previous skip

connection.

4.3 Training

The new model introduced in section 4.2 is trained by minimising a weighted cross entropy loss

LCEω(Ttr,Θ) based on the training dataset Ttr and the model parameters Θ that are updated

in the training process. The training dataset Ttr = {Xj , Yj}
nTtr
j=1 consists of a number nTtr of

multi-temporal input images X ∈ RT×B×H0×W0 with corresponding multi-temporal label maps

Y ∈ RT×H0×W0 (cf. section 4.1). The weights Θ0 are initialised randomly using variance scaling as

introduced in section 2.1.4.3. During the iterative training process, mini-batch stochastic gradient

descent (Bishop, 2006) with adaptive momentum (Kingma and Ba, 2015) as introduced in section

2.1.4.2 is used to update the model parameters Θ based on the computed loss and its gradients.

In each training iteration, only a minibatch Tmb = {Xk, Yk}mb
k=1 ⊂ Ttr consisting of mb image-time-

series Xk ∈ RT×B×H0×W0 and corresponding label maps Yk ∈ RH0×W0 , is used to compute the loss

LCEω(Tmb,Θi−1) based on the weights of the previous iteration i− 1:

LCEω(Tmb,Θi−1) = − 1

nmb

nmb∑
n=1

nc∑
c=1

Oc
n · log(acn) · ωc, (4.8)

where acn is the predicted softmax score of the n-th pixel in the current minibatch to belong to

class yn = Cc, nmb = mb · T ·H0 ·W0 is the number of pixels in the current minibatch that is used

to compute the loss, nc is the total number of classes, ωc is a weight assigned to class Cc, and Oc
n

is a binary indicator that equals 1 if the nth pixel belongs to class Cc and equals 0 otherwise. Note
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that the loss is computed based on the predicted maps for all timesteps by comparing them to

the corresponding label map and all timesteps contribute to the loss in the same way. Training is

conducted for a number nit of iterations, which is referred to as one epoch. After an epoch finished,

the current accuracies on the validation dataset are computed before the next epoch starts.

The class weights ω = [ω1, ..., ωnc ]s are used to compensate for the imbalanced class distribution

that is commonly included in RS datasets. Without any weighting, the loss will be dominated by

the most frequent classes, while underrepresented classes only contribute a marginal fraction. As a

result, the model weights are primarily updated to correctly predict samples of the dominant classes,

while pixels having labels from underrepresented classes have a much smaller impact. In this thesis,

the standard cross-entropy loss (cf. section 2.1.4.1) is therefore extended by class-dependent weights

ωc based on the adaptive cross-entropy loss LCEω introduced by Wittich and Rottensteiner (2021),

which is based on the current ability of the classifier to predict the class labels correctly. This is

done by assigning a weight to each class after each epoch based on a class-wise accuracy metric.

In this way, not only class imbalance is counteracted, but furthermore, classes that are difficult to

distinguish also obtain a higher weight when the corresponding class-wise accuracies are low. The

class weights ω = [ω1, ..., ωnc ] are initialised with ones for the first training epoch, which corresponds

to minimizing an unweighted cross-entropy loss. After each training epoch, nω randomly chosen

minibatches from the training dataset are classified based on the model parameters Θe from the

previous epoch e, and the obtained predictions are used to compute class-based accuracy metrics.

In this thesis the intersection over union is chosen:

IoUc =
TPc

TPc + FPc + FNc
. (4.9)

In equation 4.9, TPc, FPc, and FNc refer to the number of pixels that are true positives, false

positives, and false negatives, respectively, with respect to class c ∈ [1, ..., nc]. The results highly

depend on the minibatches chosen for the calculation of the IoUs. In general, a higher number

of minibatches nω would be beneficial to obtain IoU scores that are representative for the whole

training dataset. In practice, the process of computing the accuracy scores slows down the training

process, and thus, a relatively small value is chosen for nω. To counteract this problem, starting

from epoch two, the IoUs from the last neω epochs (or from all available ones before epoch neω)

are averaged. Following (Wittich and Rottensteiner, 2021), these IoU scores are then used to

determine the class weights ωc for the next epoch:

ωc = (1−∆IoUc)
κ = [1− (IoUc −

1

nc

nc∑
h

IoUh)]
κ, (4.10)

where ∆IoUc is the difference between the IoU of class Cc and the mean IoU of all classes, nc

denotes the total number of classes, and the hyperparameter κ is used to scale the influence of class

weights for classes with a lower IoU on the results. These class weights are then used in the loss

(equation 4.8) during the following epoch.

Afterwards, the moving averages of the gradients (cf. equation 2.9) and the squared gradients

(cf. equation 2.10) are updated, which are then used to update the weights by using the ADAM

optimiser as described with equation 2.11. One epoch finishes when a pre-defined number nit

of iterations is conducted, and after each epoch the overall accuracy on the validation dataset
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is computed to monitor it during the training process for early stopping. In early stopping the

training process is stopped when the validation accuracy is saturated for a fixed number of epochs

nes. If this is not the case, training continues until the maximum number of epochs ne is reached.

After the training process is finished, the model weights from the epoch with the best validation

accuracy are considered to be the result of the training process and, thus, used for the evaluation

process.

Dropout: For the introduced method, two types of dropout (cf. section 2.1.4.6) are adapted

from the original Swin Transformer for regularisation purposes. The first type, which is referred to

as attention dropout, is applied to the output tensor after the softmax function in the computation

of any multi-head self-attention block (cf. equation 4.2). The attention dropout rate adr can

be interpreted as the probability that a value in the attention matrix, i.e. QKT , is dropped.

Practically, this is realised by setting the corresponding values in the attention matrix (QKT ) to

zero, which means that these dependencies are not considered. Dropout is only applied in the

training process. To obtain output values with a same scaling during training and inference, the

output values of the dropout layer are scaled with 1
1−adr in the training process.

The second type of dropout is stochastic depth dropout, which is applied to the output of

the multi-head self-attention layers (e.g. Ẑ
np/t
s,l in FEhyb) as well as to the MLP layers in each

self-attention block (e.g. Z
np/t
s,l in FEhyb). The stochastic depth dropout rate sdrs refers to the

probability that an output patch of the corresponding layer in stage s is dropped (i.e. set to zero)

and is not considered in the forward pass. The stochastic depth dropout rate is increased with

the model depth from [0, .., sdrS ] with a number of steps that is equal to the number of stages in

the model. Similarly to the attention dropout, the stochastic depth dropout is only used in the

training process and the output values of a stochastic depth dropout layer is scaled by 1
1−sdrS

.
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5 Experimental Setup

In this chapter, overviews of the used datasets, the evaluation strategy, and the experimental setup

to analyse the proposed method for multi-temporal SITS classification is given. In section 5.1,

the datasets used for pixel-wise LC classification are introduced. Afterwards, the objectives and

the structure of the different sets of experiments are described in section 5.2 before the evaluation

strategy and the quality metrics used to evaluate the results are introduced in section 5.3.

5.1 Datasets

In the context of this thesis, three different datasets for LC classification are used. The first two

datasets consist of Sentinel-2 SITS. One of them covers the whole federal state of Lower Saxony in

Germany for a period of four years. The image data is combined with label data from a topographic

database providing information about land cover. The usage of these class labels results in some

wrong class labels (label noise). For this reason, a small part of the dataset is manually corrected

and used as an additional test dataset. The second Sentinel-2 dataset is the Kleve dataset. This

dataset is located in the neighbouring federal state of North-Rhine-Westphalia and consists of 1600

manually labelled pixels for different LC classes. This dataset is only used as an additional test

dataset for the models trained on the area of Lower Saxony to evaluate its generalisation abilities.

The third dataset consists of Planet images for 75 different areas spread around the whole Earth.

The images cover a period of two years and have a GSD of 3m. The corresponding class labels

were generated manually. In the following, all datasets are described in detail.

5.1.1 Lower Saxony & Kleve datasets

Lower Saxony dataset: The Lower Saxony dataset covers the whole area of the German federal

state of Lower Saxony (47600 km2) as shown in the overview in figure 5.1. The dataset comprises

Sentinel-2 images acquired within four years, between January 2019 and December 2022, in com-

bination with pixel-wise class labels that are derived from the official German landscape model

ATKIS (AdV, 2008). Image and label data are both provided for multiple timesteps that are

combined to form the multi-temporal input data for the model proposed in section 4.

Image data: The used Sentinel-2 images are preprocessed Level-2A data, which contain georefe-

renced bottom-of-atmosphere reflectance and cloud masks from the top-of-atmosphere reflectance

of every pixel (Drusch et al., 2012). The used images contain four spectral bands (red, green, blue

and near infrared) with a GSD of 10m. The six spectral bands having 20m resolution are excluded,

as previous experiments did not show an improvement when these bands were used as well. All
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Figure 5.1: Overview of the dataset located in Lower Saxony in Germany. The figure on the left shows where

Lower Saxony is located in Germany (red). Additionally, the district of Kleve, situated in the

German federal state of North-Rhine-Westphalia, is shown in blue. The area of Lower Saxony

is shown on the right, where squares show the available tiles of 8×8 km2 each. Grey/green:

potential training/validation tiles. Red: test tiles with manually corrected reference (dataset

T L
cor). Black: test tiles without corrected reference (dataset T L

te ).

bands are normalized to zero-mean and unit standard deviation by using xnh,w,b = (xh,w,b − µb)/σb,

where xnh,w,b and xh,w,b correspond to the normalized and the original grey value of the pixel at

position (h,w) for band b of an image, respectively. µb and σb denote the mean and standard

deviation of band b, respectively, and are computed based on all Sentinel-2 images acquired in 2019

and 2020 before the training process started.

Label data: The class labels are obtained from the official German landscape model ATKIS

(AdV, 2008). This database contains information about 113 different land use classes in vectorised

format. As this high number of classes is too detailed for automatic classification, a suitable class

structure for LC classification had to be defined by merging several ATKIS classes into one LC class.

The selected class structure is based on the AdV land cover scheme (AdV, 2024) which defines 15

LC classes. These classes were further reduced to 8 LC classes with regard to the recognisability

and differentiability in satellite images with 10m GSD. In this process, for example, the classes

herbaceous and woody vegetation are combined and the class ice is excluded as it does not occur

in the selected area. This strategy resulted in the following eight LC classes that are used in the

experiments: Settlement (stl.), Sealed area (sld.), Agriculture (agr.), Vegetation (veg.), Deciduous

forest (dfor.), Coniferous forest (cfor.), Water (wat.) and Barren land (bar.). In addition, the

class others is used for areas without useful label information. This includes areas outside the state

borders that are included in the satellite imagery (white areas in the squares in figure 5.1) and

ATKIS classes that cannot be clearly assigned to one of the LC classes (e.g. the ATKIS class mixed
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forest). Samples assigned to this class are disregarded during training (no loss is computed) and

also during evaluation. The ATKIS database is updated based on in-situ surveys and aerial flights

that take place every three years. The updates are integrated into the available database every

three months (ends of March, June, September and December), resulting in four label maps in a

year. To be able to combine these reference labels with the satellite imagery, the available polygons

are rasterized at the GSD of the satellite imagery (10m). The class Sealed area mainly includes line

objects in ATKIS (roads/railway tracks). To be able to use this information in a rasterized format,

the lines are buffered with a specific width to both sides before rasterisation. Afterwards, if a pixel

is covered at least 50% by this buffer region, it is assigned to the class Sealed area. The road width

is chosen based on the type of the line and varies between 20m for country roads and railway tracks

and 40m for highways. Due to the spatial resolution of 10m, smaller streets are not rasterized

when their buffer region does not cover 50% of surrounding pixels. For the experiments in this

thesis, each Sentinel-2 image is combined with the label image closest in time to its acquisition

date. The whole procedure leads to some label noise because some more recent changes visible in

the images are not yet contained in the ATKIS database.

Tiling: The image and label data is provided in image tiles of 8×8 km2 (800 × 800 pixels). For

the whole area of Lower Saxony this results in a total number of 885 tiles that are shown as squares

with black outlines in figure 5.1. For each tile, multi-temporal image and label data is provided.

The label data is available every three months, resulting in twelve label maps for each tile over the

time period of four years. The satellite images are available for different numbers of acquisition

dates, because a cloud filter is applied to filter out images with a high cloud coverage. The cloud

filter is based on the cloud masks that are provided in addition to the spectral bands for every

acquisition date and contain the probability that a pixel is covered by a cloud. With this mask,

the average cloud coverage for one tile is computed and afterwards, those tiles that contain more

than 5% cloud coverage are excluded from the dataset. This process is done independently for each

acquisition date and tile and results in a variable number of available images for different regions.

Train-test split: The splitting into a training, validation, and test dataset is based on a spatial

separation, based on the introduced tiles. This means that the images and label maps of all

timesteps for one tile are assigned to the selected dataset. During the training/validation or test

phases, all available images and labels of a tile are then used to create one input to the model,

which is dependent on the number of used timesteps, cf. section 4.1.1. The dataset is split into a

training dataset T L
tr of 813 tiles, a validation dataset T L

val (green in figure 5.1) and a test dataset

T L
te (black and red in figure 5.1), both containing 36 tiles. The superscript L indicates that training

is conducted on the Lower Saxony dataset to make it easily distinguishable from the other datasets

introduced later in this section and in section 5.1.2. The test dataset T L
te consists of label maps from

the ATKIS database, which results in some label noise as discussed before. Therefore, the accuracy

metrics achieved for T L
te are not reliable. For this reason, an additional manually corrected test

dataset T L
cor is used. For two test tiles (red in figure 5.1) the corresponding label maps of several

timesteps were corrected manually, resulting in eight corrected label maps (two corrected timesteps

for the first tile plus six for the second tile). This manual work was carried out to obtain a reference

for the evaluation that is not or only slightly affected by label noise. Note that the two tiles that

are included in T L
cor are also included in the test dataset T L

te , but with the ATKIS labels instead of
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the corrected ones. T L
cor is not affected by the errors in the labels, but it contains a limited number

of reference labels so that small changes in the classification results might have a relatively large

impact on the quality indices determined for evaluation based on this test dataset.

The distribution of the class labels in the training, validation, and test datasets is shown in

table 5.1. Some examples, including Sentinel-2 images of the different seasons, labels from the test

dataset T L
te and the corrected test dataset T L

cor are shown in figure 5.2.

mid Feb. mid May mid Aug. mid Nov. T L
te T L

cor

20
19

20
20

20
20

20
21

Stl Sld Agr Veg Dfor Cfor Wat Bar

Figure 5.2: Exemplary image and label data for the Lower Saxony dataset. All of the samples show an area

of approx. 4 km × 4 km (400 px × 400 px, a quarter of a tile). The label maps shown for T L
te are

those from the end of June of the corresponding year, which were manually corrected for T L
cor.

Kleve dataset: In addition to the corrected test dataset T L
cor of the Lower Saxony dataset, T L

kleve

is used as an additional manually labeled test dataset. It is used in addition to the test datasets T L
te

and T L
cor. This dataset, referred to as the Kleve dataset, is based on 1600 manually labeled points

that are randomly spread over the area of the district Kleve, belonging to the German federal

state North-Rhine-Westphalia. The area of Kleve is shown in blue in figure 5.1. The labeling

process was based on digital orthophotos acquired on 24/03/2020 and initially conducted for the

project Cop4All, which had the goal of using freely available satellite data in combination with

high-resolution digital orthophotos to automatically derive land cover maps that can be used by

the surveying authorities in North-Rhine-Westphalia and other federal states in Germany to update

their topographic databses (Sandmann et al., 2022). As shown in coloumn T L
kleve in table 5.1, the
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class distribution for Kleve is different from the one of the Lower Saxony dataset, and it is also more

balanced. The provided reference points are combined with the available Sentinel-2 images for the

Kleve district for the year 2020. These are processed similarly to the Sentinel-2 images of Lower

Saxony and also a tiling of 8 km×8 km is used. Overall, 35 tiles cover the area of Kleve. In figure

5.3, some example tiles (8×8 km) are shown for the Kleve dataset. In comparison to the Lower

Saxony dataset, where one tile already contains 640.000 class labels only for one timestep, the

number of 1600 points is very small . However, these points are inspected manually in orthophotos

of higher resolution, which results in very reliable labels for the Kleve dataset.

In the context of this thesis, the Kleve dataset is used as an additional test dataset to evaluate

the results obtained by classifiers trained on the Lower Saxony dataset T L
tr . For this purpose, input

timeseries are generated for all tiles covering the Kleve district in 2020 as described in section 4.1.1,

and these input timeseries are classified. As the labels are mono-temporal, the obtained multi-

temporal classification maps are combined by a majority voting mechanism, meaning that for each

pixel in the timeseries, the class that is predicted most frequently is selected as the representative

LC class for the whole year. One focus of the evaluation on the Kleve dataset is the generalisation

performance, because the area is completely located outside of Lower Saxony. This is not the case

for the validation and test datasets T L
val and T L

te , which are located in different areas in the state

of Lower Saxony, but are surrounded by tiles belonging to the training dataset T L
tr .

Dataset T L T L
tr T L

val T L
te T L

cor T L
kleve Colour

Settlement (Stl.) 9.1 9.0 9.5 9.8 9.7 8.3 color

Sealed area (Sld) 1.9 1.9 1.9 1.9 2.0 7.8 color

Agriculture (Agr) 39.2 39.5 35.6 37.7 63.3 21.5 color

Vegetation (Veg) 23.5 23.3 25.7 24.2 8.2 18.7 color

Deciduous forest (Dfor) 7.0 7.1 6.3 6.2 10.9 15.0 color

Coniferous forest (Cfor) 12.5 12.5 13.4 11.7 2.0 9.2 color

Water (Wat) 5.5 5.4 5.8 6.9 3.2 14.2 color

Barren land (Bar) 1.3 1.3 1.8 1.6 0.7 5.3 color

Nb. tiles / points (T L
kleve) 885 813 36 36 2 1600

Table 5.1: Class label distribution in [%] for the Lower Saxony and Kleve dataset. T L: Whole dataset, T L
tr :

Training dataset, T L
val: Validation dataset, T L

te : Test dataset, T L
cor: Corrected test dataset, T L

kleve:

Kleve test dataset. The last row shows the number of tiles (nb. tiles) belonging to the individual

datasets of Lower Saxony and the total number of points for the Kleve dataset.

5.1.2 Dynamic Earth dataset

Toker et al. (2022) published the Dynamic Earth dataset, intending to provide daily satellite images

in combination with high-quality labels. For 75 areas, distributed over the whole globe, daily

satellite images are provided in combination with monthly labels over a time period of two years

that covers 2018 and 2019. In the remainder of this thesis, these different areas are referred to as

different tiles, similar to the Lower Saxony & Kleve datasets.
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Stl Sld Agr Veg Dfor Cfor Wat Bar

Figure 5.3: Exemplary Sentinel-2 images and label data (points) for the Kleve dataset. The shown images

cover 8 km × 8 km (800 px×800 px - one tile).

Image data: The provided SITS are derived from the Fusion Monitoring product1 from Planet

Labs. The images contain four spectral bands (red, green, blue, and near-infrared) with a GSD of

3m. Each of the 75 tiles contains 1024× 1024 pixels, which is equivalent to 3072× 3072m on the

ground. The images are pre-processed by Planet Labs, including the removal of clouds and artifacts.

Gaps are filled with suitable observations from the closest acquisition in time. Additionally, the

spectral bands are calibrated to the harmonized Landsat-Sentinel2 spectrum, which makes them

compatible with images from the Landsat or Sentinel satellites. In addition to the Planet images,

monthly Sentinel-2 images are provided to encourage the usage of data fusion methods. However,

these Sentinel-2 images are not further used in the context of this thesis.

Label data: Monthly pixel-wise annotations are provided, corresponding to the first day of each

month. Seven land cover classes are defined: Impervious Surfaces (imp), Agriculture (agr), Forest

& vegetation (veg), Wetlands (wet), Soil (sol), Water (wat), Snow & ice (ice). The label maps

were manually annotated for the first image of the whole timeseries for each tile. Afterwards,

all following label maps are annotated based on the label map from the previous month by just

annotating changes. To ensure accurate annotations, three annotators checked each label map

before publication (Toker et al., 2022).

Train-test split: The separation of the whole dataset into training, validation, and test dataset

used in this thesis is based on the same spatial split as introduced by Toker et al. (2022). The

training dataset T D
tr consists of 55 tiles, while the validation (T D

val) and test dataset (T D
te ) consist of

10 tiles each. While some of the tiles contain only two of the introduced LC classes (in most cases,

these tiles are covered mainly by vegetation), some tiles include up to six of the seven LC classes.

The split into training, validation and test datasets is chosen in a way that the class distribution is

as equal as possible in all three datasets. The class Snow & ice is not included in the validation or

test sets and, therefore, this class is also not used during the training process. The distribution of

the class labels in the different datasets is shown in table 5.2. The class distribution of the dataset

1https://www.planet.com/pulse/planet-announces-powerful-new-products-at-planet-explore-2020, accessed on 26-

11-2024
2https://www.earthdata.nasa.gov/data/projects/hls, accessed on 26-11-2024
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TD slightly differs from the distribution presented in (Toker et al., 2022) because two of the tiles

for training were added to the published dataset later. Similarly to the Lower Saxony dataset the

class distribution is highly imbalanced.

Dataset T D T D
tr T D

val T D
te Colour

Impervious Surfaces (Imp) 7.2 6.9 7.5 8.4 color

Agriculture (Agr) 9.5 11.2 3.1 7.0 color

Forest & vegetation (Veg) 45.5 44.6 59.0 36.9 color

Wetlands (Wet) 0.7 0.3 2.9 0.6 color

Soil (Sol) 28.1 28.0 20.9 35.6 color

Water (Wat) 8.0 7.7 6.6 11.5 color

Snow & ice (Ice) 1.0 1.3 0.0 0.0 color

Nb. areas of interest 75 55 10 10

Table 5.2: Class label distribution in [%] for the Dynamic Earth dataset. T D: Whole dataset, T D
tr : Training

dataset, T D
val: Validation dataset, T D

te : Test dataset.

5.1.3 Discussion

The Lower Saxony dataset as well as the Dynamic Earth dataset provide SITS with pixel-wise

annotations for LC for multiple timesteps and the method introduced in section 4.2 can be evaluated

on them. Nevertheless, the datasets come with some differences that can have an impact on the

training process and on the selection of some model parameters. The major differences are the

covered area and the difference in the GSD. These characteristics are discussed in the following

paragraph. The Kleve dataset is not included in this discussion, as the provided labels are based

on points for one timestep only.

The Lower Saxony dataset T L covers an area of 47600 km2 while the Dynamic Earth dataset

T D only covers a total area of 735 km2 if all 75 tiles are combined, which is only about 1.6% of

T L. At the same time, the tiles of T D are spread all over the globe, resulting in a larger diversity

of appearances, even within the same LC class (cf. figure 5.4). In combination, these properties

are expected to result in a more difficult training process for the Dynamic Earth dataset, caused

by the much smaller number of available tiles and the higher variability within the training tiles,

but also between the training and test tiles. This is expected to result in lower accuracy scores in

comparison to the Lower Saxony dataset.

The Lower Saxony dataset is based on Sentinel-2 images with a GSD of 10m, whereas the

Dynamic Earth dataset is based on Planet Labs images that have a GSD of 3m. It is clearly

visible, e.g. by comparing the exemplary Planet images in figure 5.4 with the exemplary Sentinel-2

images in figure 5.3, that finer details, such as building or street shapes, are more clearly defined

in the Planet images. For the Sentinel-2 images, object boundaries will often fall into the 10m

×10m covered by a single pixel, resulting in mixed pixels, i.e. pixels that contain more than one

of the defined LC classes. Mixed pixels also appear in the Dynamic Earth dataset, however, due

to the smaller GSD of 3m much less pixels are affected. These mixed pixels are expected to result

in some difficulties to assign those pixels to the correct class and can result in a lower performance
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Figure 5.4: Exemplary image and label data for the Dynamic Earth Net dataset. The data correspond to two

of the 75 tiles, each having a size of 1024× 1024 pixels at a GSD of 3m. The colors correspond

to the different LC classes introduced in table 5.2.

in these regions and for thin objects. A second aspect of the different GSDs is the size of the area

in object space that corresponds to the receptive field of a used model. With a similar size of the

receptive field in terms of observed pixels in the input images for the Dynamic Earth dataset, the

observed area in object space would only cover about 10% of the area covered in the Lower Saxony

dataset. Therefore, a larger receptive field might be beneficial for the Dynamic Earth dataset.

Consequently, the ablation studies for this dataset include the usage of more model stages and

larger convolutional kernels, which both increase the receptive field of the model.
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5.2 Objectives and structure of the experiments

To answer the research questions formulated in section 1, different series of experiments are con-

ducted, which are described in this section. First, the general training setup and the hyper-

parameter studies are described in section 5.2.1. The hyper-parameters are set for the Lower

Saxony dataset and the Dynamic Earth dataset separately and are then fixed for all experiments.

Afterwards, the experiment set designed for analysing the new hybrid feature extraction module

FEhyb is presented in section 5.2.3. In section 5.2.4 the experiments regarding the convolutional

patch generation are described, before in section 5.2.5 the experiment set regarding the temporal

weighting module in the skip connections is introduced. Finally, the setup of the experiments

conducted to compare the new model to other approaches is described in section 5.2.6.

5.2.1 General training setup and parameter studies

The general training procedure follows the strategy described in section 4.3. While several hyper-

parameters are set empirically by testing different parameter values and evaluating the classification

performance on the validation datasets, other hyper-parameters are set based on preliminary ex-

periments (Voelsen et al., 2022, 2023; Voelsen et al., 2024). The remaining hyper-parameters are

selected based on suggestions from related works or are dictated by limitations regarding the hard-

ware. Note that all hyper-parameter studies reported in this section were conducted before the

experiments for answering the research questions were performed. In the latter, the best parameter

settings based on the hyperparameter tuning experiments were used.

During training, the input images are randomly cropped windows of size (H0,W0) = (256, 256)

pixels that are chosen from all available training tiles as explained in section 4.3. For all experiments

in this thesis, a number of T = 12 timesteps and a number of B = 4 spectral bands are used. Using

twelve timesteps resulted in a good trade-off between classification performance and training time,

as previous experiments have shown improved performance when using more timesteps, but also an

increase in the time for training. Data augmentation is applied for the whole timeseries during the

training process, applying random rotations by 90◦, 180◦, 270◦ and horizontal and vertical flipping.

During training, the ADAM optimizer (Kingma and Ba, 2015) is used with the parameters β1 = 0.9

and β2 = 0.999. Training is conducted for a maximum number of ne = 100 epochs and early

stopping is used when the validation accuracy is not improving for nes = 10 epochs. Each epoch

consists of a fixed number nit of iterations, each considering a minibatch of mb input timeseries.

Due to limitations of the available GPU resources, the minibatch size was set to mb = 2. Due to

the large difference in the size of both training datasets, the number of iterations per epoch is set

individually for the datasets.

For the Lower Saxony dataset, a number of nit = 5000 is chosen, while for the Dynamic Earth

dataset, nit is set to nit = 1000. In this way, the accuracy on the validation datasets are computed

for both datasets, before too many images are used for updating the weights multiple times. Some

parameters were found in preliminary experiments. The parameter κ of the adaptive cross-entropy

loss (cf. equation 4.8) is set to κ = 1 and the parameter for the temporal encoding is set to

τ = 10000. Regarding the proposed model, the feature dimension of the UPer-Net decoder is set to
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Cdec = 512 and the dropout rates are set to adr = 0.4 for the attention dropout and to sdr = 0.2 for

the stochastic depth dropout. Furthermore, the patch size was set to P = 4, which is adapted from

the Swin Transformer (Liu et al., 2021). The number nemb of 3D convolutional layers in the P/2

patch generation blocks in the 3D-PG module is set to nemb = 2, based on preliminary experiments

with this hyper-parameter. The remaining parameters are set individually for both datasets, which

is discussed in the following paragraph. This includes the initial learning rate ηe=0, with e = 0

indicating the learning rate for the first epoch, the factor ηf which is multiplied with the learning

rate every ten epochs to slowly reduce the learning rate ηe = ηf · ηe−1, the activation function, the

number of stages S and the input feature dimension Cin.

Parameter studies regarding the Lower Saxony dataset: For the Lower Saxony dataset only a

small set of hyper-parameter studies is conducted, as this dataset was already used in previous

experiments (Voelsen et al., 2022, 2023; Voelsen et al., 2024) and most values are taken from

these experiments. For the remaining hyper-parameters several values were tested. The tested

hyper-parameters include the initial learning rate ηe=0, the factor for the learning rate ηf , the used

activation function for the convolutional layers, different combinations of the number of used stages

S in combination with the number of modules per stage LS , as well as the input feature dimension

Cin. An overview of all tested values for these hyper-parameters is given in table 5.3, with the

best-performing values regarding the mF 1-scores on the validation dataset TL
val indicated in bold.

Parameter Symbol Tested values (best in bold)

Learning rate ηe=0 3 · 10−5; 6 · 10−5; 12 · 10−5; 2 · 10−4

Factor for learning rate ηf 0.7; 1.0

Activation function - ReLU; lReLU; GELU

Number of stages, modules per stage S, Ls S = 2 with [L1-L2] = [2, 2]; [2, 6]; [6,2]; [6, 6]

S = 3 with [L1-L3] = [2, 2, 6]; [2,6,2]

Input feature dimension Cin 48; 96

Table 5.3: Hyper-parameter studies for the Lower Saxony dataset T L. Best parameter values based on the

mF 1-score on T D
val are indicated in bold. Ls denotes the number of self-attention blocks in stage

s, i.e. [L1-LS ] = [2, 4] corresponds to a model with two stage (S = 2) with two Fehyb modules in

stage 1 and four modules in stage 2.

Parameter studies regarding the Dynamic Earth Net dataset: The Dynamic Earth dataset comes

with some differences compared to the Lower Saxony dataset as discussed in section 5.1.3. Due to

these differences, it is expected that several hyper-parameters should differ from these for the Lower

Saxony dataset. Additionally, this dataset was not used in any previous experiments. Therefore,

a larger number of hyper-parameter studies was conducted to find the best parameter settings

regarding the mF 1-score on the validation dataset T D
val. The initial values regarding the model are

taken from the experiments of the Lower Saxony dataset and those for the training process (e.g.

learning rate) are taken from Toker et al. (2022). For each parameter setting, only the investigated

parameter is changed while all others stay constant. In addition to the hyper-parameters that

are studied for the Lower Saxony dataset, for the Dynamic Earth dataset the parameter κ of the

adaptive cross-entropy loss, the kernel size k used in the convolutional layers, and the number of
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iterations per epoch nit are analysed. An overview of the hyper-parameter studies is shown in table

5.4, with the best-performing values on the validation dataset TD
val indicated in bold.

Parameter Symbol Tested values (best in bold)

Param. of adaptive Cr. Entr. loss κ 1; 3; 5

Learning rate ηe=0 3 · 10−5; 6 · 10−5; 12 · 10−5

Factor for learning rate ηf 0.5; 0.7; 1.0

Activation function - ReLU; lReLU; GELU

Number of stages, modules per stage S, Ls S = 2 with [L1-L2] = [2, 2]; [2,6]; [6, 2]

S = 3 with [L1-L3] = [4, 4, 12]; [2,2,6]; [2, 2, 18]

[2, 6, 18]; [2, 2, 24]

S = 4 with

[L1-L4] = [2, 2, 2, 2]; [2, 2, 6, 2], [2, 2, 18, 2]

[2, 2, 12, 6]; [2, 2, 12, 2]; [2, 2, 2, 6]

[2, 2, 12, 12]; [2, 2, 18, 6]; [2,2,6,6]

kernel size (convolutions) k 3; 5

Iterations per epoch nit 250; 1000; 5000

Input feature dimension Cin 48; 96

Table 5.4: Hyper-parameter studies for the Dynamic Earth Net dataset T D. Best parameter values based

on the mF 1-score on T D
cal are indicated in bold. Ls denotes the number of self-attention blocks

in stage s,i.e. [L1-LS ] = [2, 4] corresponds to a model with two stage (S = 2) with two Fehyb

modules in stage 1 and four modules in stage 2.

Discussion: An overview of all hyper-parameter values for both datasets is given in table 5.5. In

most cases, the differences in the achieved validation accuracies between the tested hyper-parameter

values are small. An exception is the usage of four stages (S = 4) in combination with the number

of modules per stage LS = [2, 2, 6, 6] on the Dynamic Earth dataset, which performs significantly

better than using two stages. This can be explained by the increase in the receptive field, which

is equivalent to 24m×24m on the ground for S = 2 and to 96m×96m on the ground for S = 4

for T D. In contrast, the receptive field for the Lower Saxony dataset is already 80m×80m for two

stages (S = 2), which leads to the best results on T L. These results meet the expectation that a

larger receptive field, based on the number of pixels that contribute to one feature in the deepest

stage, is beneficial for the Dynamic Earth dataset, as discussed in section 5.1.3. If this receptive

field is converted into the spatial area on the ground, it is in a similar range.

The selected hyper-parameter values are used for the experiments in section 6.2 - 6.4. For most

hyper-parameters, the values that performed best on the validation dataset are selected (cf. tables

5.3 and 5.4). The combination of all parameter values that achieve the best performance results

in an increase in the computational complexity, because for most of the tested hyper-parameters

the values that result in a larger model perform better (e.g. more stages or a larger kernel size

for the Dynamic Earth dataset). This increase in the computational complexity results in longer

training times and the fact that the model could not be trained on some of the available GPU

resources anymore. Therefore, the selected value for the number of stages S is reduced from S = 4

with LS = [2, 2, 6, 6] to S = 3 with LS = [2, 2, 6] for the Dynamic Earth dataset, which performs
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marginally worse (-0.1% in the mF 1-score) than the model with four stages. For the Lower Saxony

dataset the number of modules is reduced from S = 2 with LS = [6, 2] to S = 2 with LS = [2, 2],

with the latter performing slightly worse (0.5% in the mF 1-score) than the best variant. For

the comparison of the new model to the baseline variants (section 6.5), the models with the best

parameter values for S and LS are additionally shown for the proposed method.

Parameter Symbol Value

T L T D

In
p
u
t Nr. of classes nc 8 6

Input size H0,W0, B, T H0 = 256,W0 = 256, B = 4, T = 12

Minibatch size mb 2

T
ra
in
in
g

Learning rate ηe=0 2 · 10−4 6 · 10−5

Factor for learning rate ηf 1.0 0.7

Iterations per epoch nit 5000 1000

Total nr. of epochs ne 100

Nr. of epochs for early stopping nes 10

Adam β1, β2 β1 = 0.9, β2 = 0.999

Param. of adaptive Cr. Entr. loss κ 1

Nr. of mb for class weights nω 100

Nr. of epochs for class weights neω 10

M
o
d
el

Nr. of stages, modules per stage S,LS S = 2, LS = [2, 2] S = 3, LS = [2, 2, 6]

Nr. of heads in the stages nhs [3, 6] [3, 6, 12]

Kernel size (convolutions) k 3 5

Input feature dimension Cin 96 48

Patch size P 4

Nr. of 3D conv. in PE module nemb 2

Activation function - lReLU

Parameter initialization - Variance scaling

Feature dimension UPer-Net Cdec 512

Attention dropout adr 0.4

Stochastic depth dropout sdr 0.2

Param. for temporal encoding τ 10000

Table 5.5: Hyper-parameter values for both datasets that are used for the experiments.

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

In the first set of experiments, the proposed model for multi-temporal LC classification is analysed

in detail to answer the first research question stated in section 1:

1. How does the proposed model, which incorporates temporal context, perform for the task of

multi-temporal land cover classification? Is the model able to detect class changes over time, even

if it is not explicitly trained for change detection?
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To answer research question 1, the proposed model, which will be referred to as V -FEhyb, is

trained and evaluated on the available datasets. The V -FEhyb model is based on the FEhyb module

in all stages of the model, which means that spatial and temporal context is considered separately

and the outputs are combined afterwards (cf. section 4.2.6.1). Convolutions are used to consider

spatial context, while temporal context is encoded based on self-attention. The proposed spatio-

temporal PG module based on 3D convolutions (cf. section 4.2.4) is used for patch generation and

the temporal weighting module is used in the skip connections (cf. section 4.2.7).

The evaluation of the proposed model is structured into two parts. First, the accuracies obtained

for multi-temporal LC classification are analysed in detail to be able to assess the model performance

on the different datasets, which is related to the first part of research question 1. Afterwards, the

prediction of LC changes is evaluated by exemplary qualitative and quantitative results with the

goal to answer the second part of research question 1. As the datasets only contain a small

percentage of change, some areas that include a higher percentage are manually selected for this

comparison. Changes of LC are considered implicitly in the model in the form of cases in which the

used LC maps in the training datasets show different classes for the same pixels on the ground for

different timesteps. However, the classification of changes is not explicitly considered in the model

or in the training process, because the loss function is only computed based on the predicted LC

maps. This analysis shall help to show in which scenarios LC changes are already classified by the

model and in which cases there are problems.

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

The second set of experiments focuses on evaluating the performance of the proposed hybrid spatio-

temporal feature extraction module, FEhyb, introduced in section 4.2.6.1. The analysis of this

module is related to research question 2:

2. Does the proposed hybrid feature extraction module, considering spatial context with convolu-

tions and temporal context with self-attention, lead to better results than modules solely relying on

self-attention for feature extraction?

To answer this research question, two model variants are introduced that serve as comparative

variants to the proposed method V -FEhyb. Both variants are described in the following.

The first aspect that is analysed in this experiment set is the usage of convolutional layers in

the spatial feature extraction stream of the FEhyb module. Specifically, it shall be investigated if

convolutional layers are better suited for the encoding of spatial context than self-attention layers.

To be able to analyse this aspect, variant V -FEatt is introduced. V -FEatt uses the FEatt module (cf.

section 4.2.6.2) instead of the FEhyb module in all stages of the model. In the FEatt module, spatial

context is encoded based on the W-MSA, which combines the shifted window approach from Liu

et al. (2021) and the multi-head self-attention from Vaswani et al. (2017). In the temporal stream

of both modules multi-head self-attention layers are used to encode temporal context.

The separation into the spatial and temporal streams has the advantage that the computational

complexity is drastically reduced in comparison to a strategy that jointly extracts spatial and
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temporal context. This raises the question of how a model that jointly extracts spatio-temporal

features in a single computation performs. To be able to analyse this aspect, another variant,

which is referred to as V -FEfull, is introduced. In V -FEfull, spatio-temporal features are jointly

computed by self-attention. To achieve this, all FEhyb modules are replaced by FEfull modules,

which are described in section 4.2.6.3. In the FEfull module, dependencies between patches from

different acquisition dates and different spatial positions are additionally taken into account, which

is not the case in the proposed model V -FEhyb or variant V -FEatt. By comparing the classification

performance of the variants V -FEatt and V -FEfull, the impact of these additional dependencies

can be analysed because, apart from this change, the variants are completely the same. By using

the FEfull module, the number of patches between which self-attention is computed increases

to M2 · T . This affects the training and inference time that is also analysed in the evaluation

of this model variant. Variants V -FEhyb and V -FEfull cannot be compared directly to answer

research question 2 because differences in the classification performance can be caused by one of

two differences: First, FEhyb separates spatial and temporal feature analysis. Second, FEhyb uses

convolutions instead of self-attention in the spatial dimension of the input data.

5.2.4 Experiment set 3: Evaluation of the convolutional patch generation

In the third set of experiments, the impact of the spatio-temporal patch generation module in-

troduced in section 4.2.4 is analysed. This analysis allows to answer the third research question

related to the 3D patch generation module, which is formulated as follows (cf. section 1.2):

3. Does the proposed patch generation module, utilizing 3D convolutions to encode spatio-temporal

dependencies, achieve better performance compared to standard patch generation strategies such

as the one in the Vision Transformer (Dosovitskiy et al., 2021) or when compared to using 2D

convolutions to consider spatial context only?

The usage of the introduced patch generation module allows to use additional skip connections

at higher spatial resolution than the one after the patch generation process (H/P,W/P ), because

spatial and temporal dependencies are already extracted at higher spatial resolution, which can be

used in the corresponding decoder stages. This aspect is addressed by research question 4:

4. Does an additional skip connection at a higher spatial resolution than the one of the feature

maps after patch generation lead to improved classification performance?

To answer these research questions, the 3D patch generation module, which is used in the pro-

posed model V -FEhyb, is adapted, resulting in four additional model variants. V -FEhyb serves as

the baseline to which these variants are compared. The patch size of the V -FEhyb model is set

to P = 4, resulting in spatial dimensions of size (H0/4,W0/4) for the feature maps after the 3D

patch generation module is applied. In combination with the number of stages S, defined in the

hyper-parameter studies for each dataset (cf. section 5.2.1), this results in a specific receptive field.

In all variants that are introduced in the following, the receptive field is the same as for model

V -FEhyb. This means that the spatial extent after patch generation is (H0/4,W0/4).
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The first adapted model variant for this experiment set is based on the standard patch generation

strategy used by Dosovitskiy et al. (2021) in the Vision Transformer and by Liu et al. (2021) for

the Swin Transformer. This variant is referred to as V -PEswin. The used standard strategy for

patch generation is explained in detail in section 2.2.2.1. It is based on stacking all pixel values

within a patch (e.g. 4 × 4 pixels if P = 4). A linear layer transforms this input to a feature

vector of dimension Cin for each patch. The main reason to perform this reduction in the spatial

dimension is a reduction of the computational complexity, but, the positions of fine details are

not preserved with this operation, which leads to difficulties to predict the exact position of class

borders. This challenge was already discussed in earlier works, for instance, by Strudel et al.

(2021), who investigate the effect of using different patch sizes. By comparing the results of variant

V -PEswin to the proposed model V -PEhyb, the influence of extracting spatio-temporal features by

3D convolutions can be investigated, which answers the first part of research question 3.

The second adaptation introduced for this experiment set uses 2D convolutions in a patch gener-

ation module that is otherwise equally structured as the 3D PG introduced in section 4.2.4. This

model variant is referred to as V -PE2D. In this variant, 2D convolutions are applied in the two

spatial dimensions of the input images. This is done in parallel for all input timesteps with shared

weights. Using this variant, it can be answered if the usage of 3D convolutions in model V -PEhyb

leads to an improved classification performance compared to only using 2D convolutions in the

patch generation module. This analysis answers the second part of research question 3.

The third model variant of this experiment set uses the 3D patch generation module of V -PEhyb,

but with an additional skip connection that connects the patch generation module with the last

decoder layer of the model. This model variant is referred to as V -PEskip. Due to hardware

limitations, the additional skip connection is integrated at the spatial resolution of (H/2,W/2) and

not at the original spatial resolution (H,W ), which is depicted in figure 5.5 (green arrow). For the

new skip connection, the features after the last 3D convolutional layer (including BN and activation

function), but before the final downsampling step, are used. For the used patch size of P = 4, these

features have a spatial dimension of (H/2,W/2). To integrate these features into the last decoder

layers (cf. table 4.1), the upsampling process from (H/P,W/P ), i.e. in this case (H/4,W/4), is split

into two upsampling steps to be able to combine the encoder and decoder features at the spatial

resolution of (H/(P/2),W/(P/2)), i.e. in the case of P = 4 of (H/2,W/2). For this purpose, the

output of layer CB1 (cf. table 4.1) in the output generation process of the decoder serves as input

to the first upsampling layer with a factor of 2. Afterwards, the new skip connection is applied

by concatenating these features, having a dimension of Cdec, with those from the patch generation

module. This process results in features with a dimension of T × (Cdec +Cin)×H/2×W/2. After

the skip connection, the combined features are processed by another convolutional layer with a

kernel size of k = 3, followed by BN and activation function before a final convolutional layer with

k = 1 maps the features to nc classes. Similarly to variant V -PEhyb, the feature maps are then

upsampled to the original spatial resolution and normalised by the softmax function as depicted

on the right side of figure 5.5. By comparing variant V -PEskip with the proposed model, research

question 4 can be answered.
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Figure 5.5: Overview of how the additional skip connection (green arrow) is integrated into the output

generation of the decoder for a patch size of P = 4. 3D conv(k): 3D convolution with kernel size

k, maxpool(f): Maximum pooling by factor f , TE: Temporal position encoding. The standard

decoder layers are the same as the first three layers of the output generation in table 4.1, the

adapted decoder splits the upsampling process for the new skip connection, i.e. instead of

upsampling directly by a factor of P , two upsampling layers with a factor of P/2 are applied.

Using the fourth and last model adaptation of this experiment set, the patch generation and its

impact on the classification performance is analysed on a general level. This is done by using a

variant without any patch generation. Instead, a patch size of P = 1 is used. This model variant

is referred to as V -PEP1. Due to limitations in the available GPU resources, the input image

size is reduced to (H0,W0) = (64, 64) for this model variant, which is a reduction by a factor of

four and, therefore, equivalent to the feature map size after the patch generation modules for all

other variants. However, the receptive field is smaller by a factor of the patch size in height and

width, i.e. a factor of 4 with the defined patch size of P = 4, which will have an impact the

classification results. Furthermore, if no patches are generated, the number of input feature vectors

to the FEhyb modules is larger by a factor of P 2 compared to a model using patch generation,

which will significantly increase the time to process the same amount of images. To counteract this

effect in the training process, the number of used image timeseries in one epoch is not increased,

resulting in an area covered by the images used in one training epoch that is four times smaller.

5.2.5 Experiment set 4: Evaluation of the temporal weighting module

In the fourth set of experiments the temporal weighting module, which is used in the skip con-

nections of the proposed model V -PEhyb (cf. section 4.2.7), is evaluated. The temporal weighting

is based on the weighting strategy combining features extracted in the spatial and temporal di-

mensions of the input timeseries, introduced by Garnot and Landrieu (2020). They use it in the

bottleneck layer to weight the features considering spatial context with those considering temporal

context. In practice, the idea of weighting is realised by an element-wise matrix multiplication
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that is interpreted as using the features considering temporal context as weights. However, this

operation can also be interpreted the other way around, meaning that also the features considering

spatial context can be interpreted as weights. In the proposed model V -FEhyb, this weighting

strategy is extended to all stages of the model, because temporal and spatial dependencies are

considered anyway in all encoder stages. The analysis of the temporal weighting module uses the

model V -FEhyb as a baseline and shall answer the following research question:

5. Does integrating the proposed temporal weighting module into the skip connections through-

out all model stages enhance the classification performance compared to not using any temporal

weighting?

To be able to answer research question 5, a variant that does not use any temporal weighting

module is introduced. This variant is referred to as variant V -TWno. Instead of weighting the

temporal and spatial features, in variant V -TWno, the fused output features As of the FEhyb

module of the corresponding stage are used as input to the skip connections. These input features

are then processed based on the standard strategy in the UPer-Net decoder. This involves a

convolutional layer that maps the features from the encoder to Cdec feature dimensions before the

features from the encoder and decoder are combined by element-wise addition. By evaluating this

variant in comparison to V -FEhyb, the impact of the temporal weighting module can be analysed

and research question 5 can be answered. Note that except for the temporal weighting module, the

same setting as for the V -FEhyb variant is used for V -TWno.

5.2.6 Experiment set 5: Comparison to other works

In the experiments introduced in sections 5.2.1 - 5.2.5, different components of the proposed model

are evaluated by only changing specific modules in the architecture. In the fifth and last set of

experiments, the proposed model is compared to other architectures from the literature that can

be used for SITS classification. The requirement of such methods is the possibility to handle

multi-temporal input images and generate multi-temporal output maps. The goal of the conducted

experiments in this section is to answer the last research question stated in section 1:

6. Does a variant of the proposed methods outperform approaches from literature, specifically

those using a multitemporal FCN (Voelsen et al., 2023), the Utilise model presented by Stucker et

al. (2023) and a U-Net (Toker et al., 2022)?

The first method used for comparison is a multi-temporal FCN that was already used as a baseline

in (Voelsen et al., 2022) and (Voelsen et al., 2023). Additionally, the Utilise model from Stucker et

al. (2023) is adapted to a classification task. Finally, the accuracy scores that Toker et al. (2022)

achieved with a U-Net architecture for the Dynamic Earth dataset are compared to the proposed

model. For the U-Net, several differences regarding the input and the training process occurred in

comparison to the training procedure in this thesis, which limits the conclusiveness of the obtained

results. The details about the three methods from literature are described in the following.

Multitemporal FCN: The multi-temporal FCN that serves as a baseline model for the com-

parison is purely based on convolutional layers. It was introduced in (Voelsen et al., 2023) for the
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task of LC classification and was already used for experiments on the Lower Saxony dataset. It has

to be mentioned that the Lower Saxony dataset in (Voelsen et al., 2023) has a slightly different set

of classes and distribution of the tiles in the training and test datasets because the class structure

was rearranged later. For that reason, the results of Voelsen et al. (2023) cannot be used directly

for comparison, so that the FCN was trained again on both datasets.

Regarding the FCN training setup, the best values from Voelsen et al. (2023) were adopted. This

includes the learning rate ηe=0 = 0.001, the reduction factor for the learning rate ηf = 0.7 and the

number of input features Cin = 64. The weighted cross entropy loss with κ = 1 and the ADAM

optimizer is used. The number of stages S is chosen in a way that the receptive field is similar

to the one of the proposed model for the corresponding dataset. As the FCN does not have any

patch generation module at the beginning and the spatial resolution is reduced by a factor of two

between subsequent stages, two additional stages are applied to compensate the patch generation

with a patch size of P = 4. This results in a number of S = 4 stages for the Lower Saxony dataset,

which results in feature vectors at stage 4 that represent 8×8 pixels (80m×80m) from the input

images. For the Dynamic Earth dataset and a number of S = 5 stages is used, which means that

one feature vector represents 16×16 pixels (48m×48m) from the input images.

Utilise: The second model used for a comparison is Utilise based on (Stucker et al., 2023) (cf.

section 2.2.2.4. Stucker et al. (2023) introduced it for cloud removal from SITS data, which requires

multi-temporal input and output images. From the model point of view, the major difference is that

the solved task is a regression task as the output maps contain predicted grey values for occluded

pixels. Stucker et al. (2023) published the code of Utilise3 and in the context of this work, the

code is adapted for the task of LC classification. To adapt this model for multi-temporal LC

classification, the last convolutional layer of the Utilise model is modified to transform the feature

maps into nc raw class scores, which is followed by the softmax function to obtain normalised class

scores. The ADAM optimiser is used with a initial learning rate of ηe=0 = 6 · 10−5.

The Utilise model is purely based on convolutions in the encoder and decoder that are applied

successively by using the same weights for all input timesteps. The L-TAE module is used in the

bottleneck layer to consider temporal dependencies in the timeseries. The comparison between the

Utilise model and the V -FEhyb model makes it possible to analyse the aspect of extracting temporal

context in all stages of the model. In the Utilise model, temporal dependencies are computed only

at the coarsest spatial resolution, which are then upsampled to all spatial resolutions, which are

then used in the skip connections. Note that the weighting applied in the L-TAE module and the

temporal weighting module in this thesis is only used at the coarsest resolution in the Utilise model,

which is different from the proposed model V -FEhyb.

U-Net (Toker et al., 2022): Toker et al. (2022) apply several models to the Dynamic Earth

dataset to introduce baselines for different tasks that can be solved with this dataset. Besides some

models for change detection, they also test different models for supervised pixel-wise classification

for SITS data. The only model that is trained with similar input data as the method proposed in

this thesis is a U-Net architecture (Ronneberger et al., 2015) trained with monthly SITS data. In

3https://github.com/prs-eth/U-TILISE, accessed on 14-04-2025
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contrast to the method proposed in this thesis, the generated output map is mono-temporal, as

for the whole input timeseries one output label map is generated. During training, the first image

from each month is used and combined with the corresponding reference, but the authors do not

explain in detail to which label map the predicted mono-temporal map is compared. This can have

an effect on the results in cases where the LC class changes with time as changes appear in 5%

of the pixels in the Dynamic Earth dataset (Toker et al., 2022); this is already a relatively high

percentage of class change. Furthermore, Toker et al. (2022) do not mention if the whole available

timeperiod of two years is used to generate one input timeseries or if it is divided into several

smaller timeseries, which can have an impact on the performance of the model.

To be able to compare the results of the U-Net used in (Toker et al., 2022) to those achieved by the

method proposed in this thesis, the multi-temporal output maps are combined to one output map by

a majority voting strategy. This only applies to the computation of the performance for inference;

the training process remains unchanged. To generate the corresponding mono-temporal label map,

only the pixels that do not change within the timeseries are used to compute the accuracy metrics.

As Toker et al. (2022) only publish the class-wise accuracy scores on the validation dataset and

only the mean scores for the test dataset, the discussion of these results focuses on the validation

data. Overall, this comparison cannot answer any research question as the training and inference

process contains some differences that can significantly impact the outcome. However, the results

can show if the performance of the U-Net and the proposed method point to the same direction.

5.3 Evaluation

After training, the performance of the model is obtained by comparing the predicted label maps

Ŷ ∈ RT×H0×W0 to the reference labels Y ∈ RT×H0×W0 from the test datasets. For all datasets, the

provided images are larger in height and width than the input size to the model (H0,W0). For this

reason, a sliding window approach is applied, using a horizontal and vertical shift of (H0/2,W0/2)

pixels. This means that after classifying the first input X with spatial size (H0,W0), e.g. starting

in the upper left corner of the image, the window is shifted by H0/2 and the next input is classified.

This results in redundant predictions per pixel in the areas where the windows overlap. The

probabilistic class scores for the same pixel in these areas are averaged before the class with the

largest probability is chosen as the final class prediction. Note that the whole process is based on

multi-temporal input images X, i.e. the acquisition dates for each temporal interval are chosen

based on the strategy introduced in section 4.1.1. The accuracy metrics that are explained in the

following are based on the comparison of Y and Ŷ , resulting in T predictions and corresponding

labels for each pixel at one spatial position that are all used to compute the accuracy metrics.

Based on the obtained classification results, a confusion matrix is generated by comparing each

class prediction (i.e., for each pixel and each timestep) with the reference from the corresponding

test dataset. From the confusion matrix, the number of pixels that correspond to true positive

(TPc), false positive (FPc), true negative (TNc) and false negative (FNc) predictions can be com-

puted for each class Cc. From these values, several quality indicators can be determined. One

global metric is the Overall Accuracy (OA) that is defined as the percentage of pixels that were
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assigned to the correct class. If the class distribution is imbalanced, as it is the case for all datasets

used in this thesis (cf. tables 5.1 and 5.2), the OA is biased towards classes with more samples, as

each pixel is weighted similarly. For this reason, the F1-Score (F 1
c ) is computed as a metric that is

computed for each class Cc separately:

F 1
c = 2 · precisionc · recallc

precisisionc + recallc
(5.1)

with

precisionc =
TPc

TPc + FPc
, recallc =

TPc

TPc + FNc
. (5.2)

The precision describes the percentage of the predictions assigned to a class that belongs to that

class in the corresponding reference and the recall is defined as the percentage of the samples that

belong to a class in the reference that are classified correctly. From the individual F 1-scores, the

mean F 1-score (mF 1) over all classes is obtained as a second global metric. The mean F 1-score

is not influenced by the class imbalance, because the impact of F 1
c on mF 1 is equal for all classes,

independently from the number of pixels corresponding to that class.

For the sake of a comparison to other methods, the Intersection over Union (IoU) is also reported.

The IoU is another performance metric that is based on the confusion matrix and is computed for

each class individually based on the following equation:

IoUc =
TPc

TPc + FNc + FPc
. (5.3)

From the IoU -scores, the mean IoU (mIoU) over all classes is obtained as a global metric.

In addition to the evaluation of the LC classification, the ability of the model to correctly predict

LC changes over times is analysed in the first experiment set. This analysis is based on binary

change maps of the prediction and the reference. These change maps have the same spatial dimen-

sions as the input X and are generated by comparing the label/predicted map from the first and

the lasttimesteps of the classified timeseriees and inserting no change (0) or change (1) into the

corresponding pixel position of the change map. Similar to (Toker et al., 2022), afterwards, the

IoU is computed for the change class, i.e. for all pixels assigned to change (1) by comparing the

reference change map with the predicted change map, resulting in the binary change score BC:

BC =
TPch

TPch + FNch + FPch
, (5.4)

with TPch, FNch and FPch as the true positives, false negatives and false positives for the change

class, respectively.

All experiments are repeated three times with the goal to assess the impact of random compo-

nents on the classification performance. In the conducted experiments, this includes the random

parameter initialization and random selection of the training areas and acquisition dates (cf. sec-

tion 4.3). The results of these test runs are averaged and only the average metrics and standard

deviations are reported. To compare the achieved accuracy metrics and analyse whether improve-

ments are significant, the respective accuracies are used for a one-sided two-sample T-Test with a

significance level of 5%. Therefore, whenever a result is declared to be significantly better or worse

than another, this is based on this hypothesis test.
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6 Results and Discussion

In this chapter the results of the experiments introduced in section 5.2 are reported and discussed.

The structure of the analysis is the one introduced in section 5.2, starting with the evaluation of

the proposed method on the Lower Saxony, Kleve and Dynamic Earth datasets in section 6.1. In

section 6.2 the evaluation of the hybrid feature extraction module is reported, which is followed by

the results of the experiments comparing different variants of the patch generation (section 6.3) and

temporal weighting modules (section 6.4). The chapter ends with the comparison of the proposed

methods to other baseline models for SITS classification in section 6.5. For all experiments, first,

the results on the Lower Saxony and Kleve datasets are described, followed by the results on the

Dynamic Earth dataset. After analysing the results on each dataset separately, the achieved results

are discussed on a general level by summarising the results and discussing them with respect to

the corresponding research questions.

6.1 Evaluation of the proposed method for multi-temporal LC

classification (Exp. 1)

In this section, the classification performance of the proposed method and its ability to detect

class changes in time is analysed in detail in sections 6.1.1 and 6.1.2, respectively. The general

classification performance is analysed based on all available test datasets (Lower Saxony, Kleve

and Dynamic Earth), while the analysis of the capability of the method to detect changes in time is

based on the Lower Saxony and Dynamic Earth datasets, because the Kleve dataset only provides

mono-temporal class labels. In the end, the results on all datasets are summarized and research

question 1 is answered in section 6.1.3.

6.1.1 Classification performance

Model V -FEhyb is proposed to predict land cover maps for multiple timesteps and improve the

classification performance in comparison to other methods. In order to effectively compare the

proposed method to other variants, first a detailed analysis of the achieved accuracies on the used

datasets is necessary to identify under which conditions the method already performs well and to

identify potential challenges. Therefore, this section analyses in detail the accuracy scores obtained

for V -FEhyb on the Lower Saxony, Kleve, and Dynamic Earth datasets.
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6.1.1.1 Results on the Lower Saxony dataset

Table 6.1 reports the overall accuracy (OA), mF 1-scores and the individual F 1-scores for all classes

on the two test datasets T L
cor and T L

te . In the following, first the results on both datasets are

discussed individually before the differences in the achieved accuracies is analysed in more detail.

Afterwards, the results on the Kleve datasets are analysed in section 6.1.1.2. Note that for all

datasets in this section, the training of model V -FEhyb is conducted on the training dataset of

Lower Saxony T L
tr and only the test images differ.

Datas. OA mF 1 Stl Sld Agr Veg Dfor CFor Wat Bar

T L
te 85.7 ±0.1 78.7 ±0.2 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

T L
cor 86.3 ±0.1 72.9 ±0.4 87.9 ±0.1 57.8 ±0.7 93.8 ±0.1 50.6 ±0.7 78.8 ±0.8 74.4 ±0.3 89.0 ±0.1 50.9 ±2.3

Table 6.1: OA, mF 1 and individual F 1-scores for all classes in % for the proposed method V -FEhyb on the

test datasets T L
te and T L

cor. All quality metrics are averages over three experiments; the numbers

behind the accuracy scores indicate the corresponding standard deviations.

General classification results on the Lower Saxony dataset: When trained on the Lower

Saxony training dataset T L
tr , the model is provided with a large variety of training samples as the

images cover a large region (47 700km2) and four different acquisition years. Eight LC classes

are differentiated as reported in table 6.1, and some example predictions are shown in figure 6.1.

Training is conducted based on more than 90% of the available tiles (cf. section 5.1.1), testing is

based on the two test datasets T L
te and T L

cor. While T L
te contains 36 of the available tiles with labels

provided from the ATKIS database which is also used to generate the labels used during training

and contains some label noise, test dataset T L
cor only comprises two tiles which have been corrected

manually.

With this setting, the OA is about 86% for both datasets, and the achieved mF 1-scores are 78%

and 73% for T L
te and T L

cor, respectively. In all cases, the mF 1 is lower (by almost 13% for T L
cor and

7% on T L
te ) than the OA. The main reason for this behaviour is the imbalanced class distribution

as reported in table 5.1, in combination with lower F 1-scores for classes having a smaller number

of pixels compared to other classes. The individual class accuracies in table 6.1 and the examples

shown in figure 6.1 show examples of this behaviour: The classes Sealed area and Barren land

achieve comparatively low F 1-scores (61% and 42% on T L
te , respectively) and comprise relatively

few pixels. According to the confusion matrix, the class Barren land is often misclassified as

Vegetation, or, in some cases as Agriculture. In other cases, only parts of areas assigned to Barren

land are classified correctly, shown exemplary in circle 1 in figure 6.1. For the class Sealed area,

a challenge is the correct prediction of streets, which are rather fine lines in the satellite images

with 10m GSD. This challenge is depicted particularly in the second example in figure 6.1. Here,

prominent roads, such as the highway traversing the whole image (near circle 1), are predicted to

be thicker than the corresponding street in the reference. In contrast, rural roads, as exemplarily

shown in the area indicated by the arrows in figure 6.1, are not predicted at all. Especially for

the example in the second row the predicted streets are thicker than those in the corresponding

reference. In other cases, streets are interrupted or they are mixed up with Settlement in cases

where a street is near a settlement area (circle 2). Additionally, most of the pixels of Sealed area
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are boundary pixels, meaning that a pixel belonging to this class can already include spectral

information from the neighbouring LC classes. In these cases, the model has more difficulties in

predicting the correct class, which can have a negative impact on the classification performance for

Sealed area. The classes Settlement, Agriculture and Coniferous forest have comparatively many

training samples, and the F 1-scores reach higher values of 88%, 89% and 93% on T L
te , respectively.

In general, the outlines of forest areas, as shown exemplary in the second tile in figure 6.1, are

detected very accurately, but sometimes the boundaries between Deciduous forest and Coniferous

forest are not detected correctly. For the class Water, high accuracy scores are obtained (96%

F 1-score on T L
te and 89% F 1 on T L

cor), regardless of the small number of pixels assigned to this

class. This is probably due to the different appearance of water and land surfaces that is easier to

distinguish than other LC classes, which can also be seen in the Sentinel-2 image of the first tile in

figure 6.1 in the areas of circles 4 and 6.

The mentioned examples show that the number of pixels that are available for a specific class

is related to the performance of the class in most cases. However, if the appearance of a class is

different from the other classes, also a relatively low number of samples is enough to distinguish

this class from the others. During all the experiments, those test areas that contain larger areas,

i.e. Agriculture or Deciduous and Coniferous forest, achieve the best performances. Low accuracy

scores are obtained for areas in which it is hard to distinguish between Vegetation and Agriculture.

In other cases, the label noise in the test dataset T L
te can impact the accuracy scores, which is

discussed in the following.

Analyis of the corrected test dataset T L
cor: Throughout all the experiments that were

conducted for this thesis, a gap in the accuracy scores between T L
te and T L

cor, e.g. 6% in the mF 1-

score for variant V -FEhyb, is observed, which raises the question for the cause of this gap. One

possible reason is the obvious difference in the class distributions of both test datasets (cf. table

5.1). Another possible reason is the label noise included both in the training dataset T L
tr and in the

test dataset T L
te : the classifier might learn some wrong patterns that could also be available in T L

te ,

leading to over-optimistic quality metrics in an evaluation on that dataset. Before presenting the

actual empirical evaluation in subsequent sections, in this section the accuracy metrics on T L
cor and

T L
te are investigated in more detail in order to obtain a better idea about the possible reasons for the

observed performance gap. This analysis is based on the proposed model V -FEhyb. The obtained

accuracy scores for T L
te and T L

cor are shown in table 6.1 and qualitative results for both corrected

test tiles are shown in figure 6.1 for one timestep (14/02/2019) that was manually corrected. The

F 1-scores for the individual classes differ between T L
te and T L

cor, especially for the classes Vegetation

(28% better on T L
te ), Coniferous Forest (18% better on T L

te ). For most classes, the accuracies on

T L
cor are worse than those on T L

te , but there are also exceptions, e.g. Agriculture (5% better on T L
cor)

or Barren land (9% better on T L
cor). The qualitative examples in figure 6.1 allow to analyse these

results in more detail.

There are several examples in which the class labels in T L
te were wrong and had to be corrected for

T L
cor. Most of these corrections involved the classes Agriculture and Vegetation, which are difficult

to differentiate in some cases, even for a human operator. An example can be seen in the circles

with number 3 (cf. figure 6.1). In T L
cor these parts are assigned to the class Agriculture while these
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areas are assigned to Vegetation in T L
te . In tile 1, the area covered by forest at the boundary of

several lakes (circle 4 in figure 6.1) was labelled as Vegetation and Barren land in T L
te and was

corrected to Forest in T L
cor. Another example is shown in circle 5, in which an area of Deciduous

forest (T L
te ) was corrected to Coniferous forest for T L

cor. For all of these examples, the prediction

is similar to the class labels from T L
te . Consequently, this erroneously improves the metrics for T L

te

while decreasing the metrics on T L
cor. If the errors in the database shown in these examples are

representative, they could be explained by similar patterns occurring in the training data, where

they would be considered to be label noise.

Of course, there are also examples in which the prediction agrees with label corrections in T L
cor.

The lakes in tile 1 (circles 6 in figure 6.1) are not included in the database but predicted correctly.

A part of the settlement area (circle 7 in figure 6.1) was relabelled as Vegetation, which is also the

predicted label. As these areas are relatively small, they have only a small effect on the accuracy

metrics. For some classes the performance on T L
te and T L

cor is similar, e.g. for Settlement (F 1-scores

of 88% for both dataset), Sealed area (F 1-scores of 58% on T L
cor and 61% on T L

te ), Agriculture

(F 1-scores of 94% for T L
cor and 89% for T L

te ) or Decidous forest (F 1-scores of 79% for T L
cor and 84%

for T L
te ). As discussed before, the class Sealed area is correctly classified primarily for larger roads

like highways or parking areas that only occur in tile 2 (cf. the large highway near circle 1 in

tile 2 in figure 6.1). Rural roads contained in tile 1 are not predicted and, as they are too narrow,

sometimes such roads are not included in rasterized labels as discussed in section 5.1.1. This results

in lower performance of 58%-60% for this class compared to the mF 1-score, independently from

the dataset, and shows the limitations of the used image data: due to the rather coarse spatial

resolution of 10 m it is challenging and in some cases not possible to delineate fine structures such

as streets that might have a width of less than 10 m. The other classes with similar F 1-scores on

both datasets either have more samples (Agriculture) or are clearly distinguishable from the other

classes (Settlement).

To summarise, the corrected test dataset T L
cor is very small, so that relatively small areas of

wrong classification results can have a large impact on the quality metrics. On the other hand,

the analysis showed that the results on T L
te are affected by the label noise in the reference, which

leads to a positive bias in the performance metrics. Ultimately, the numbers achieved on T L
cor are

considered to be more reliable and, thus, are the main focus in the subsequent analyses. It may

be noted that even though the values of the quality indices may differ between T L
te and T L

cor, the

tendency is very similar, in particular when ranking methods based on average indices.

6.1.1.2 Results on the Kleve dataset

In addition to the evaluation of the two test datasets T L
te and T L

cor, the results of the models that are

trained on the Lower Saxony dataset are evaluated on the Kleve dataset T L
kleve described in section

5.1.1. The two other datasets both include some challenges, e.g. label noise that is included in T L
te

and a relatively small manually labelled reference in T L
cor; the additional evaluation on the Kleve

dataset T L
kleve can show if the results obtained on T L

te and T L
te can be confirmed. In addition, the

Kleve dataset can indicate the model’s generalisation performance. The achieved accuracy metrics

for T L
kleve are reported in table 6.2.
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Figure 6.1: Examples of image patches from the corrected test dataset T L
cor classified with the proposed

model V -FEhyb. The first column shows the S2 images from 2019-02-14, the second column

the corresponding predictions of the proposed model V -FEhyb, the third row the corresponding

labels from the database (T L
te ) and the last row the corrected class labels T L

cor. Black areas in T L
te

indicate areas that could not be assigned to one of the used LC classes, e.g. the areas assigned

to mixed forest in the ATKIS database. The circles indicate examples that are mentioned in the

analysis in section 6.1.1.1.

Datas. OA mF 1 Stl Sld Agr Veg Dfor CFor Wat Bar

T L
kleve 72.3 ±1.0 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

Table 6.2: OA, mF 1 and individual F 1-scores for all classes in % for the proposed method V -FEhyb on the

Kleve test dataset T L
kleve. All quality metrics are averages over three experiments; the numbers

behind the accuracy scores indicate the corresponding standard deviations.

On the Kleve test dataset, a mF 1-score of 65% and an OA of 72% are obtained. These results

are significantly lower than those on the other two test datasets for Lower Saxony. For instance,

the mF 1-score on T L
kleve is 7% lower than the one on T L

cor and 14% lower than the one on T L
te . The

included label noise in T L
te is probably the main reason why the differences in the results on this

dataset are higher. The largest drop in performance is obtained for the classes Settlement and Sealed

area. The confusion matrix and the qualitative results shown in figure 6.2 help to analyse these

results: Many false positive predictions for the class Settlement result in a relatively low precision

score for this class (42%), while almost all points labelled as Settlement are correctly assigned to

this class during classification (recall score of 97%). Many of the false positive predictions of the

class Settlement belong to the class Sealed area in T L
kleve, resulting in a very low recall of 13% for

Sealed area. This can be seen in the left example in figure 6.2, where all points that are labelled

as Sealed area are classified as Settlement (circle 1). The wrong predictions of the pixels that are
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labelled as Sealed area is probably caused by differences in the training data generation for T L
tr

and T L
kleve. For T L

tr , only larger streets such as highways or country roads with a larger width are

used to create labels for this class as explained in section 5.1.1. The main reason to exclude streets

with a smaller width is the GSD of 10m of the Sentinel-2 images. This process excludes most

roads inside settlement areas that are assigned to the class Settlement as one large urban area, as

otherwise, many mixed pixels that include Settlement and Sealed area would occur. In contrast,

the selected pixels that are manually labelled for T L
kleve are labelled based on orthophotos with a

resolution of 20 cm, and in this process also streets inside settlement areas can be distinguished

from the surrounding. Therefore, the pixels that are surrounded by Settlement but labelled as

Sealed area in T L
kleve are mainly mixed pixels that contain both LC classes. These pixels are then

predicted as Settlement as this was the assigned class for such pixels during the training process.

There is also quite some confusion between the classes Agriculture and Vegetation, which is a

similar observation as discussed for the datasets T L
te and T L

cor. The obtained F 1-score of 70% for

the class Vegetation is located between its F 1-score on T L
te and T L

cor, while the F 1-score of 86% for

Agriculture is lower than its score on T L
te (-2%) and T L

cor (-8%). High F 1-scores are obtained for the

classes Water, Deciduous- and Coniferous forest, with 89%, 74% and 81%, respectively. For these

classes, the F 1-scores are relatively close to those on the corrected test dataset T L
cor (differences

between 0 and 4%), while the difference to T L
te is higher (up to 11%).

Overall, the achieved results on the Kleve dataset show a drop in the overall performance (e.g.

-8% compared to T L
cor), which was expected because the area is located outside of the training

area, i.e. Lower Saxony. Furthermore, the model is trained to predict the labels from the training

dataset T L
cor, which was generated differently from the labelling process of the Kleve dataset; this

is another reason for the worse results. The results show some challenges, e.g. the classification of

streets, which might be improved when a different procedure is followed to produce labels for the

class Sealed area for the training dataset T L
tr . On the other hand, the achieved results also show

that for several classes the performance is similar to the results achieved with the test dataset that

are located in Lower Saxony (T L
cor and T L

te ), which indicates the ability of the model to generalise

to new data in some respects.

Stl Sld Agr Veg Dfor Cfor Wat Bar

S2 V -FEhyb S2 V -FEhyb

1

Figure 6.2: Two examples of classification results for the Kleve dataset T L
kleve. The first and third columns

show S2 images, the second and fourth columns the corresponding predictions obtained using

the proposed model V -FEhyb. The points show the labels from the Kleve test dataset T L
kleve.
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6.1.1.3 Results on the Dynamic Earth dataset

Table 6.3 reports the OA, mF 1-score as well as the individual F 1-scores for all classes predicted

by the proposed model V -FEhyb on the test dataset T D
te of the Dynamic Earth dataset. They are

discussed in the following.

Variant OA mF 1 Imp Agr Veg Wet Sol Wat

V -FEhyb 66.4 ± 2.3 43.8 ± 0.5 30.4 ± 1.5 1.8 ± 0.7 75.2 ± 0.2 2.0 ± 2.0 62.7 ± 4.7 90.9 ± 2.5

Table 6.3: OA, mF 1 and individual F 1-scores for all classes in % for the proposed methods V -FEhyb one

the Dynamic Earth test datasest T D
te . All quality metrics are averages over three experiments,

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

On the Dynamic Earth dataset, the model V -FEhyb achieves an overall accuracy of 66.4% and

a mF 1-score of 43.8%. These scores are much lower than those achieved on the Lower Saxony

dataset, which is expected given that the training and test tiles are distributed across the entire

Earth. This global distribution inherently leads to larger variability in the appearance of the same

LC class. The differences between the OA and mF 1-score of almost 20% are much larger than

the differences on the Lower Saxony dataset. The main reason for this large difference is the wide

range of the F 1-scores for the individual classes as reported in table 6.3. The classes Agriculture

and Wetland are barely classified correctly at all, with F 1-scores below 5% for all scenarios. These

results are similar to those reported by Toker et al. (2022). However, Toker et al. (2022) only

publish the IoU scores on the validation dataset for all classes; a comparison of the proposed model

to their results is reported in section 6.5.

A closer analysis of the F 1-scores, the qualitative results in figure 6.3 and the confusion matrix

show the cases in which the classifier has difficulties to predict the correct class. The classes Forest

& vegetation, Soil and Water are classified best, with F 1-scores of 75%, 63% and 91%, respectively.

For the class Water, some pixels at the borders of rivers or coastal areas are misclassified as shown

in examples 1) and 2) in figure 6.3, but in general, coast lines or rivers are predicted at the correct

positions. Forest & vegetation is the class with the highest number of pixels, as 37% of the pixels

in T D
te belong to this class. There are large regions in most of the test tiles that belong to that

class and most of them are classified correctly, which results in recall scores of about 94%. The

main reason for the F 1-score of only 75% is the comparably low precision of about 60%, caused by

many false positive pixels that belong to Agriculture or Soil in T D
te , which can be seen in example

4) in figure 6.3. Pixels belonging to the class Agriculture in the reference are mostly misclassified

as Forest & vegetation or Soil, as exemplarily shown in example 4) in figure 6.3, which explains the

very low F 1-score for the class Agriculture. These misclassifications also impact the F 1-score for

Forest & vegetation, but due to the higher percentage of pixels (37% in T D
te ) for this class combined

with a high number of true positives, the F 1-score for Forest & vegetation is still high (75%).

Pixels belonging to the class Wetland are commonly misclassified as Water or Soil as shown in

examples 1) and 2) in figure 6.3. This class is also the one with the smallest number of pixels in

the dataset. Additionally, the similar appearance of wetlands compared to some water areas can

explain that this class is only classified correctly for a handful of pixels. For the class Impervious

surfaces, a F 1-score of 30% is achieved. There are many fine structures including single buildings
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Figure 6.3: Examples of classification results from the Dynamic Earth test dataset T D
te classified with the

proposed model V -FEhyb. The first row shows the S2 composite, the second row the labels from

T D
te and the following row the predictions of V -FEhyb.

and streets, as shown in example 1) in figure 6.3, labelled as Impervious surfaces. In the predicted

label maps, single buildings are not classified at the same level of detail as in the reference, and

instead larger regions of Impervious surfaces are predicted. A main reason for this is probably the

patch generation process with a patch size of P = 4.

To summarise, the Dynamic Earth dataset is much more challenging than the Lower Saxony

dataset. This results in low accuracies for several classes that are influenced by several factors, e.g.

the imbalanced class distribution and different appearances of pixels belonging to the same class at

different places in the world. Classes such as Water, Forest & vegetation and Soil are differentiated

best, probably due to the higher number of pixels for these classes during training, so that the

training data represent the different appearances of these classes in a better way.
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6.1.2 Analysis of predicted land cover changes

The proposed method V -FEhyb predicts land cover maps for each timestep that is used in the input

timeseries. In the training process, each of the generated output maps is included in the compu-

tation of the loss function by combining corresponding training label maps with the predictions

of each timestep. Therefore, if land cover changes occur between different timesteps in the label

maps, the model can potentially learn to predict these changes by assigning the same pixel on the

ground to different classes over time. However, the number of pixels that are changing the class of

LC is low in comparison to the pixels that are assigned to the same LC class over all timesteps.

For instance, for the Dynamic Earth dataset around 5% of the class labels change within the used

timeperiod of two years, which is already a high percentage. In this section, the multi-temporal

predictions of the proposed model V -FEhyb are analysed by focusing on the ability of the model to

correctly classify changes in LC that happen within the used timeseries. This analysis is based on

the score for the binary change (BC) used in (Toker et al., 2022) as a quantitative metric for change

(cf. section 5.3). The binary change score can be compared with the results achieved by Toker et

al. (2022) on the Dynamic Earth dataset. It has to be mentioned that this way of computing a

metric for changes does not consider that the correct classes are predicted before and after a class

change occurs. Furthermore, only the differences between the two used dates are integrated and the

timesteps in between are not used. Therefore, in this section the analysis is extended to qualitative

results of areas containing LC changes that help to understand in which cases changes are already

classified correctly and in which cases challenges occur. In the following, first the results on the

Lower Saxony dataset are discussed in section 6.1.2.1, which is followed by an analysis of the results

on the Dynamic Earth dataset in section 6.1.2.2.

6.1.2.1 Results on the Lower Saxony dataset

The analysis of LC changes for the Lower Saxony dataset is based on the results achieved on the

corrected test dataset T L
cor. The binary change (BC) score on T L

cor is shown in table 6.4. In addition

to the average score for the two tiles contained in T L
cor, the BC-score for two individual examples,

that correspond to the images shown in figures 6.4 and 6.5 are reported in table 6.4. The BC-

score for the complete dataset is computed based on the change maps generated by comparing the

reference and the predictions from the first available date in the dataset (2019-02-14) and the last

available date in the four-year timeseries (different for both tiles in T L
cor). For the computation of

the binary change (BC) score for example 1 and 2, the LC maps from those dates (i.e. month)

for which manually corrected maps (T L
cor) are available are used. These are highlighted by the

black outlines in figure 6.4 and 6.5. For the two qualitative examples, the Sentinel-2 imagery, the

corresponding label map from T L
cor and the corresponding prediction are shown for six timesteps

from the whole available timeseries of four years. Note that to classify the whole timeseries, four

input timeseries of one year each need to be classified. The relatively few LC changes occurring in

this dataset are the reason to show the complete time period for this dataset.

An overall BC-score of 8.9% is achieved on T L
cor, which is due to the large number of both,

false positive and false negative predictions. For comparison: the BC-scores reported in (Toker

et al., 2022) on the Dynamic Earth dataset achieve values between 10-11%. The two examples in
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Examples

T L
cor 1 2

BC 8.9 ± 0.5 8.8 8.8

Table 6.4: Binary change (BC) scores in % for the complete Lower Saxony corrected test dataset T L
cor and

for the two examples shown in figures 6.4 and 6.5. All results are obtained with model variant

V -FEhyb. The overall BC-score on T L
cor is based on the change maps between 2019-02-14 and 2022-

11-15, which are the first and last available satellite images in the dataset, and averaged over the

three conducted experiments, with the number behind the score indicating the corresponding

standard deviation. The BC-scores for the two examples are those obtained by comparing the

change maps from the acquisition dates that were manually corrected and shown in figure 6.4 and

6.5.

figure 6.4 and 6.5 help to analyse this score. In the first qualitative example (figure 6.4) the main

change is the extension of several lakes over time. In this area, gravel is extracted, which results

in several new water areas over the observed years. For two acquisition dates, i.e. the 2019-06-14

and 2020-11-23, the satellite images were manually corrected (highlighted by the black outlines in

figure 6.4). These two dates are used to generate the label change map (T L
cm) and the predicted

change map that are shown in the last row. In the predicted change map, there are many false

positive predictions for Change. Most of these false positives are fine details at class boundaries

that can be categorised as noise of the classification. The new areas of Water are mostly classified

correctly, e.g. the growth of the lake in circle 1. However, not all of the predicted changes look

exactly like they were labelled in the reference, as often the boundaries are classified thicker or the

surroundings of the lakes are classified different from the reference. Some larger areas that are false

positives are also visible in the predicted change map. For instance, the area of Vegetation in circle

2 does not change the LC class in T L
cor, but the prediction changes from Vegetation to Barren land.

The second example is shown in figure 6.5 and shows an area with some urban development,

highlighted in circle 1. For this tile, the manual labelling process was based on the satellite images

from 2019-02-14 and 2021-03-05 (highlighted with the black outlines in figure 6.5). These dates

are used to generate the reference for change and the predicted change map shown in the last row.

Two larger areas of change are visible in the reference change map, highlighted by circles 1 and

2 in T L
cor. In the first area (circle 1), a new Settlement area was built, which is labelled correctly

as a class change in 2021 and also predicted correctly. The second area shows a class change from

Vegetation to Agriculture. This change is not classified in the corresponding predictions, in which

this area is always classified as Vegetation. These classes are often mixed during classification

as discussed earlier, and these results show that the detection of changes is, not surprisingly, even

more challenging for classes that have a similar appearance. Similar to the first qualitative example,

many false positives for Change are visible in the predicted change map.

Overall, the analysis of the two qualitative examples shows several reasons that may lead to

the low BC-score. For both examples, a BC-score of 8.8% is obtained. The main reasons for

this low score are many false positives for Change caused by wrong classification results at class

boundaries, which occur between classes with similar appearance. However, the correct prediction
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Figure 6.4: Qualitative examples of multi-temporal predictions of V -FEhyb on the Lower Saxony dataset.

Row one shows the Sentinel-2 images, row two the corresponding manually generated reference,

and row three the predictions of V -FEhyb. In addition, the generated binary change maps be-

tween the 2019-06-14 and 2020-11-23 acquisition dates, which are those dates that were manually

corrected, are shown in row four.

of larger areas affected by change is possible for classes like Settlement orWater, which are relatively

easy to distinguish from their surroundings.

6.1.2.2 Results on the Dynamic Earth dataset

The binary change (BC) scores for the complete Dynamic Earth test dataset T D
te as well as for three

individual examples are shown in table 6.5. The BC-score for the complete dataset is based on the

change maps generated by comparing the reference and the predictions from the first available date

in the dataset (2018-01-01) to the last available date (2019-12-01). For the three examples, the

BC-score is obtained by comparing the change maps from the first and last shown acquisition date

in the corresponding example. In this way the obtained scores can be directly compared with the

classification maps. The corresponding qualitative examples of three regions are shown in figures

6.6 - 6.8. For each example, the Planet image, the corresponding label map, and the prediction are

shown for six of the twelve timesteps that are used within one input timeseries for the model. Every
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Figure 6.5: Qualitative examples of multi-temporal predictions of V -FEhyb on the Lower Saxony dataset.

Row one shows the Sentinel-2 images, row two the corresponding manually generated reference,

and row three the predictions of V -FEhyb. In addition, the generated binary change maps

between the first 2019-02-14 and 2021-03-05 acquisition date, which are those dates that were

manually corrected, are shown in row four.

second timestep is shown, resulting in results shown for January, March, May, July, September,

and November of the year.

Examples

T D
te 1 2 3

BC 13.3 ± 1.7 47,7 14.6 12.9

Table 6.5: Binary change (BC) scores in % for the complete Dynamic Earth test dataset T D
te and the three

examples shown in figures 6.6 - 6.8. All results are obtained with model variant V -FEhyb. The BC-

score on T D
te is based on the change maps between 2018-01-01 and 2019-12-01 and averaged over

the three conducted experiments, with the number behind the score indicating the corresponding

standard deviation. The BC-scores for the three examples are those obtained by comparing the

change maps from the first and last shown acquisition date in the corresponding figures 6.6 - 6.8.

The achieved overall BC-score is 13.3%, which shows that some changes are already predicted

correctly, but there is a large potential for improvement. The achieved score is a bit higher than
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those reported by Toker et al. (2022), who achieve a BC-score of 10-11% for comparable scenar-

ios. To be able to interpret this result, the three exemplary multi-temporal LC predictions and

corresponding change maps shown in figures 6.6 - 6.8 are discussed in the following.

The example in figure 6.6 shows a comparably simple distribution of the three LC classees Soil,

Water and Wetland. Over time, a large area of Water in the middle of the images disappears. In

the predictions, the large Water area is classified correctly, only areas belonging to Wetland are

wrongly assigned to Soil in the prediction. The transition from Water to Soil takes place between

May and July. In the corresponding predictions, parts of the area are still classified as Water in

May and July, resulting in a transition that takes longer in time than in the reference (circles 1

and 2). However, in July and September, the larger area of Water that is visible in January and

March is almost completely classified as Soil. From July to November, a new elongated area of

Water and Wetland appears in the satellite imagery (circle 3). This area is not recognised by the

model at all, even though it is clearly visible in the satellite image. The permanent Water area at

the bottom right corner of the shown images is, however, always predicted correctly. The change

maps, computed between the first (2019-01-02) and the last (2019-11-01) shown acquisition date

show a large area in which the LC class changed was detected correctly between these two dates.

This is visible in the predicted change map in figure 6.6. However, the corresponding change map

generated by comparing the labels from the first and last shown date shows an even larger region

of change. Mainly, the pixels labelled as Wetlands in January and November are not predicted

correctly, which can be explained by the very low F 1-score for this class. Overall, a BC-score of

47.7% is achieved in the shown example, which is much higher than the overall BC-score of 13%

for the complete test dataset and is caused by the correct classification of class change from the

Water area in January to Soil in November.

The example in figure 6.7 shows a river that is surrounded by a settlement area. The changes in

LC mainly belong to the river in the centre of the images and some areas on top of the river, as

shown in the change map of the reference T D
cm. However, not all changes in LC are available in the

reference change map, as some changes happen faster on a timescale of some months rather than

over the entire year. For example, several areas in the river are assigned to the classes Wetlands or

Forest & vegetation during March, May and July (circles 1 and 2), but in the last reference map

in November, these areas are again labelled as Water. Some of these areas are classified correctly

as Forest & vegetation, e.g. in March (circle 3), whereas others are only partly predicted correctly

(circle 4). The achieved change maps show only some similarities. For instance, the area of the

river on the left side of the image is partly predicted correctly in addition to some smaller areas

on the right top corner of the change maps. In the predicted change map there are many false

positive predictions for change, which can be seen on both sides of the river. This is caused by a

large number of misclassifications between the classes Soil and Impervious surfaces, as discussed in

section 6.1.1. In combination, this results in the low BC-score of 14.6% for the shown example.

In the third example, shown in figure 6.8, larger areas of Soil are wrongly assigned to the class

Forest & vegetation in the predictions (circle 1). In T D
te this area of Soil is changing to Forest &

vegetation in May (circle 2), and therefore these wrong classifications during January and March

impact the generated change map from the predictions which shows No change for this area. In
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Figure 6.6: Qualitative examples of multi-temporal predictions of V -FEhyb on the Dynamic Earth dataset.

Row one shows the Planet images for the first day of the month, row two the corresponding man-

ually generated reference, and row three the prediction of V -FEhyb. In addition, the generated

binary change maps between the first (2019-01-01) and the last (2019-11-01) acquisition date are

shown in row four.

the centre of the image (circle 3), several new constructions are labelled as Impervious surfaces

in T D
te , but most of them are not classified correctly by the model. Overall, the third example

shows a challenging area for the model, resulting in a lot of false LC classifications. These impact

the predicted change map, as it is generated by a simple comparison of the predictions for two

timesteps and results in a low BC-score of 12.9 % for the shown example.

In summary, the examples have shown several cases in which the prediction of class changes

is already possible by comparing the predicted maps from two timesteps, e.g. for larger areas of

Water (examples 1 and 2). On the other hand, there are many false positives for areas in which the

models has difficulties to predict the correct LC class, e.g. the differentiation between Impervious

surfaces and the surrounding class in settlement areas. Especially when new constructions are

not predicted correctly, this has a larger impact on the classification of changes (example 3). In

comparison to the BC-score reported by Toker et al. (2022) the achieved score of 13.3% is slightly

higher, but this score leaves room for improvement, e.g. by integrating the classification of changes

directly into the model.
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Figure 6.7: Qualitative examples of multi-temporal predictions of V -FEhyb on the Dynamic Earth dataset.

Row one shows the Planet images for the first day of the month, row two the corresponding

manually generated labels from the test dataset, and row three the prediction of V -FEhyb. In

addition, the generated binary change maps between the first (2019-01-01) and the last (2019-

11-02) acquisition dates are shown in row four.

6.1.3 Discussion

Based on the detailed analysis of the proposed model V -FEhyb, the first research question stated

in chapter 1 can be answered:

1. How does the proposed model, which incorporates temporal context, perform for the task of

multi-temporal land cover classification? Is the model able to detect class changes over time, even

if it is not explicitly trained for change detection?

The model’s performance varies on the different datasets, achieving mF 1-scores between 73%

and 79% on the Lower Saxony dataset, 65% on the Kleve dataset, and 44% on the Dynamic Earth

dataset. The main reasons for lower F 1-scores are fewer training samples for several classes and

similarities in the appearance of LC classes. On the other hand, for classes to which a higher

percentage of pixels belong or whose appearance differs significantly from those of other classes,

higher F 1-scores are achieved. In addition, on the Lower Saxony dataset, having many more

training samples and having test tiles that are located in areas in the vicinits of tiles that are used
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Figure 6.8: Qualitative examples of multi-temporal predictions of V -FEhyb on the Dynamic Earth dataset.

Row one shows the Planet images for the first day of the month, row two the corresponding

manually generated labels from the test dataset, and row three the prediction of V -FEhyb. In

addition, the generated binary change maps between the first (2019-01-01) and the last (2019-

11-02) acquisition dates are shown in row four.

in training, the highest accuracies are achieved. In contrast, for the Dynamic Earth dataset, in

which the training and test tiles are spread across the whole Earth, the lowest scores are achieved.

In summary, and to answer the first part of research question 1, the proposed model performs

well for the multi-temporal classification of most LC classes. Problems occur for classes with few

training samples and similar appearance of different LC classes.

The detection of LC changes over time is still challenging for the proposed model. As the

computed change maps are based on the comparison of two classified maps, the result for changes

is directly dependent on the results of the LC classification. For classes that are difficult to predict,

or regions where the classifier has problems, this results in areas that are wrongly predicted as

change, or in areas that are not recognised as change. Additionally, wrong classification results at

class boundaries result in many false positives for Change that are visible in all predicted change

maps. In summary, these wrongly predicted pixels drastically decrease the BC-score, especially in

combination with the small number of pixels that change the LC class over time. On the other hand,

larger areas of class changes are predicted correctly for both datasets. Especially for classes that
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have a different appearance from other classes, such as Water or Settlement, the predicted change

map already includes these areas, which shows the potential to also detect class changes with the

proposed model for multi-temporal LC classification. To conclude, and to answer the second part of

research question 1, the new model is able to detect changes for classes that are easy to distinguish

from the other classes and already achieve high F 1-scores for in the LC classification. However, in

the proposed model, the prediction of changes is only implicitly included as the detection of changes

is not integrated directly, e.g. in the loss function. It is expected that the integration of class

changes into the model will have the side-effect of improving the general LC classification accuracy,

as the model would then be forced to differentiate between real class changes and difficult samples

that belong to the same class for several timesteps. Other adaptations can include morphological

filters, e.g. based on an opening operation to remove misclassifications at class borders that are

now counted as class changes. This topic is an interesting direction for future research.

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

In this section, the results of the variants V -FEhyb, V -FEfull and V -FEatt introduced in section

5.2.3 are compared. Variant V -FEhyb represents the proposed model, which was already analysed

in section 6.1. It uses the introduced hybrid spatio-temporal feature extraction module, while

variant V -FEatt considers spatial and temporal dependencies separately by using self-attention

and variant V -FEfull uses the module that jointly models spatio-temporal dependencies with self-

attention. First the results on the Lower Saxony and Kleve datasets are reported and discussed in

section 6.2.1, which is followed by those from the Dynamic Earth dataset in section 6.2.2. Finally,

the conclusions from the evaluation of all datasets are summarised to answer research question 2

stated in section 1.

6.2.1 Results on the Lower Saxony and Kleve datasets

Results on the Lower Saxony test datasets: Table 6.6 reports the OAs and mF 1-scores on

the test datasets T L
te and T L

cor for the three model variants compared in this section. Additionally,

table 6.7 shows the F 1-scores for all classes on the corrected test dataset T L
cor, while the F 1-scores

on T L
te are reported in appendix A. Note that the numbers for model V -FEhyb are identical to those

reported in table 6.1.

The overall accuracy as well as the mF 1-score of the proposed model V -FEhyb are better than

these achieved by the two other variants V -FEatt and V -FEfull with a mF 1-scores of 72.9% on

T L
cor and 78.7% on T L

te , as shown in table 6.6. The score on T L
cor is 1.5% higher than the mF 1-score

of variant V -FEatt and 1.2% higher than the one of variant V -FEfull. On T L
te , model variant

V -FEhyb improves the mF 1-score by 2% compared to variant V -FEatt and by 1% compared to

variant V -FEfull. The proposed model V -FEhyb performs significantly better based on the mF 1-

scores on the test dataset T L
te ; the improvements on the corrected test dataset are not significant,

mainly due to the slightly higher standard deviations, but V -FEhyb still achieves the best results in

combination with low standard deviations, which indicate stable results over multiple experiment

runs. V -FEfull achieves the second best results, whereas V -FEatt achieves the lowest mF 1-scores
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and also the highest standard deviations. These results indicate that the additional connections

between patches of different dates and spatial locations, which are only used in variant V -FEfull,

slightly improve the results in comparison to variant V -FEatt. Furthermore, the results show

that convolutions used in variant V -FEhyb, to embed spatial context are better suited than the

window-based self-attention that is used in both other variants.

Table 6.7 provides the individual F 1-scores on T L
cor for all classes. Variant V -FEhyb achieves

the highest F 1-scores for seven of the eight LC classes. For the classes Settlement, Agriculture,

Deciduous forest and Water the F 1-scores are very close for all variants. These are also the classes

that achieve the highest F 1-scores in general, which indicates that for these classes the samples in

the training dataset are representative for their general appearance and all model variants are able

to generalise well on the test datasets. The highest standard deviations of variant V -FEatt are

obtained for the classes Vegetation and Barren land. This indicates a higher instability of model

variant V -FEatt compared to the other variants. Barren land is also the class with the highest

difference in the F 1-score, as V -FEhyb achieves an F 1-score for this class that is 5% higher than

the one for thee two other model variants. The results on T L
te show a similar trend.

Variant
T L
cor T L

te

OA mF 1 OA mF 1

V -FEhyb 86.3 ± 0.1 72.9 ± 0.4 85.7 ± 0.1 78.7 ± 0.2

V -FEatt 85.3 ± 0.6 71.4 ± 1.1 84.6 ± 0.5 76.8 ± 0.1

V -FEfull 85.8 ± 0.3 71.7 ± 0.3 85.2 ± 0.2 77.8 ± 0.0

Table 6.6: OA and mF 1 in % for the experiments regarding the hybrid spatio-temporal feature extraction

module FEhyb on the Lower Saxony datasets T L
te and T L

cor. 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.

Variant Stl Sld Agr Veg Dfor CFor Wat Bar

V -FEhyb 87.9 ± 0.1 57.8 ± 0.7 93.8 ± 0.1 50.6 ± 0.7 78.8 ± 0.8 74.4 ± 0.3 89.0 ± 0.1 50.9 ± 2.3

V -FEatt 86.7 ± 0.9 56.1 ± 0.7 93.2 ± 0.3 48.8 ± 2.4 78.5 ± 0.5 72.6 ± 1.2 89.3 ± 0.4 45.8 ± 3.8

V -FEfull 87.8 ± 0.2 57.8 ± 0.1 93.6 ± 0.2 47.7 ± 0.6 78.8 ± 0.2 73.4 ± 0.0 88.4 ± 0.6 45.6 ± 1.8

Table 6.7: Individual F 1-scores for all classes in % achieved by the compared model variants on T L
cor. 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.

Figure 6.9 shows three examples from the test dataset T L
te and the corresponding classification

results for all three model variants, indicated by the numbers 1) - 3). As the F 1-scores for the classes

differ by a maximum of 6% (Barren land) between the model variants, the general impression is

similar. In the first example in figure 6.9, the predicted areas of the class Vegetation are larger

than in the reference T L
te in which these pixels are assigned to Agriculture by all three variants.

The differentiation between these two classes is challenging as already discussed in section 6.1.1.1,

and all three variants face this difficulty. Variant V -FEatt produces some artefacts in the sea near

the coast in the first example, which is not the case for both other variants and is one example that

underlines the decrease in the classification accuracy for this variant. Example two shows a case in
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which the classification of Barren land was not successful (circle 1). The larger region of Barren

land is only partially detected by the proposed model V -FEhyb, while both other variants do not

predict Barren land at all in that region. In example three, there is again a large region labelled

as Barren land (circle 2) that is only marginally visible in the predictied maps of variants V -FEatt

and V -FEfull. In contrast, variant V -FEhyb predicts a much larger region as Barren land than

the corresponding label image. Because the class Barren land has comparably few samples in all

datasets, the wrong classification of a larger region of this class can already result in a difference

in its F 1-score and can explain the difference in the F 1-score of 6% between the proposed model

V -FEhyb and both other variants. Another example in which variant V -FEhyb outperforms both

other variants it the row of buildings in example two in figure 6.9 (circle 3). Even if not all buildings

are differentiated as detailed as in T L
te , the prediction of variant V -FEhyb is clearly better than the

prediction of both other variants. In the third example of figure 6.9, a case in which the LC

information of the database results in a wrong reference is shown (circle 4). The forest area in the

centre of the image is assigned to the class Vegetation in the test dataset T L
te . All three models

predict Deciduous forest in that area, which is correct when visually comparing it to the satellite

image. To sum up, the visual results explain the obtained accuracy scores for the three variants

to some extent and underline the superior performance of the proposed method. For most classes,

such as Agriculture, Settlement, Decidous forest or Water, the differences in the F 1-scores and in

the qualitative results are very small. Higher differences are obtained for the class Barren land, for

which the qualitative examples show challenging cases in which the classification fails.

Results on the Kleve dataset: The accuracy scores achieved on the Kleve dataset by the

three compared model variants are reported in tables 6.8 and 6.9. Note that the numbers for model

V -FEhyb are identical to those reported in table 6.2.

Variant
T L
kleve

OA mF 1

V -FEhyb 72.3 ±1.0 64.8 ±0.8

V -FEatt 71.9 ±0.3 64.7 ±0.7

V -FEfull 72.6 ±0.4 64.8 ±0.1

Table 6.8: A and mF 1 in % for the experiments regarding the hybrid spatio-temporal feature extraction

module FEhyb on the Kleve test dataset T L
kleve. All quality metrics are averages over three exper-

iments, the numbers behind the accuracy scores indicate the corresponding standard deviations.

Best accuracy scores are indicated in bold.

Variant Stl Sld Agr Veg Dfor CFor Wat Bar

V -FEhyb 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

V -FEatt 57.4 ±1.1 19.1 ±2.4 86.5 ±1.4 67.2 ±0.7 75.1 ±0.6 82.7 ± 1.2 88.5 ±0.4 41.2 ±1.2

V -FEfull 59.7 ±0.2 17.4 ±2.1 86.3 ±0.8 68.7 ±2.0 76.4 ±0.1 82.8 ± 0.3 88.6 ±0.1 38.5 ±1.8

Table 6.9: Individual F 1-scores for all classes in % achieved by the compared model variant on T L
kleve. 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.
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Figure 6.9: Examples for classification results of variants V -FEhyb, V -FEatt and V -FEfull trained on the

Lower Saxony dataset in comparison to the reference from the test dataset T L
te . The first column

shows the S-2 composite, the second column the labels from T L
te , and the following columns the

predictions of the three model variants.

The mF 1-scores and OAs achieved on the Kleve test dataset T L
kleve for the three model variants

V -FEhyb, V -FEatt and V -FEfull are all very similar. There is no difference in the mF 1-score

between variants V -FEhyb and V -FEfull, while V -FEatt achieves a mF 1-score that is 0.1% lower.

Slightly higher variations are obtained for the OA, nevertheless, these differences are not statistically

significant either, as the maximum difference of 0.7% is in the range of the standard deviations. Re-

garding the individual F 1-scores of the classes, the proposed model V -FEhyb and variant V -FEfull

both achieve the highest scores for three of the eight LC classes and variant V -FEatt for the re-

maining two. For several classes the F 1-scores of all variants are very close, e.g. for Agriculture and

Water. For both forest classes, variant V -FEhyb achieves lower F
1-scores than both other variants,

as the F 1-score for Deciduous forest is 2.7% lower and the F 1-score for Coniferous forest is 1.6%

lower than the one for variant V -FEfull. For other classes, such as Vegetation (+0.9%) and Barren

land (+2.8%) it is the opposite. It has to be mentioned that the Kleve dataset is even smaller than

the corrected test dataset from the area of Lower Saxony. For the class Agriculture, which is the

class with the highest number of points, 329 pixels are assigned to this class, while for the class

Barren land, which is the class with the smallest number of samples, the evaluation is based on

81 pixels only and therefore, changes in the classification of a few pixels already have a relatively

large impact on the F 1-scores.
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To summarise, the comparison of the model variants V -FEhyb, V -FEatt and V -FEfull on the

Kleve dataset did not result in significant differences. Overall, variant V -FEatt achieved a slightly

worse OA and mF 1-score than both other variants, which confirms the tendency of the experiments

on the other test dataset for Lower Saxony.

6.2.2 Results on the Dynamic Earth dataset

Table 6.10 reports the OA and the F 1-scores on the test dataset T D
te of the Dynamic Earth dataset

for the three compared variants V -FEhyb, V -FEatt and V -FEfull. In addition, figure 6.10 provides

some qualitative results of classification results of all three model variants in comparison to the

labels from the test dataset T D
te . Note that the numbers for model V -FEhyb are indentical to those

reported in table 6.3.

Variant OA mF 1 Imp Agr Veg Wet Sol Wat

V -FEhyb 66.4 ± 2.3 43.8 ± 0.5 30.4 ± 1.5 1.8 ± 0.7 75.2 ± 0.2 2.0 ± 2.0 62.7 ± 4.7 90.9 ± 2.5

V -FEatt 65.6 ± 0.9 39.6 ± 1.5 7.7 ± 5.7 4.2 ± 1.5 73.2 ± 0.5 0.0 ± 0.0 63.3 ± 2.2 89.1 ± 0.9

V -FEfull 66.3 ± 1.7 41.4 ± 1.9 22.0 ± 7.8 0.8 ± 0.5 74.2 ± 1.1 0.0 ± 0.0 63.5 ± 2.5 88.0 ± 3.8

Table 6.10: OA, mF 1 and individual F 1-scores for all classes in % achieved for variants V -FEhyb, V -FEatt

and V -FEfull on T D
te . 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.

In the OA as well as the mF 1-score, the proposed model V -FEhyb achieves the highest scores

on the test dataset T D
te compared to the variants V -FEatt and V -FEfull, as shown in table 6.10.

While the overall accuracies are in a similar range for all three variants with only 1% variation, the

mF 1-scores vary by 4%. Similar to the results on the Lower Saxony dataset, model variant V -FEatt

performs worst with -4.2% mF 1-score compared to variant V -FEhyb, which is a statistically signifi-

cant difference. Variant V -FEfull performs second best with -2.4% mF 1-score compared to variant

V -FEhyb. This difference is not statistically significant, due to the higher standard deviation of

1.9% for variant V -FEfull.

Regarding the individual F 1-scores, the proposed model achieves the highest scores for four out

of six LC classes. The classes Forest & vegetation, Soil and Water are the classes for which the best

performance is achieved, as already discussed in section 6.1.1. For the classes Forest & vegetation

and Soil, there are only small differences in the F 1-scores between all three model variants, and,

similar as in the mF 1-score, the differences between variants V -FEhyb and V -FEfull are very small

(maximum 1%), while the differences in the F 1-scores between variants V -FEhyb and V -FEatt are

a little bit higher (maximum 2%).

Large differences in the F 1-scores are obtained for the class Impervious Surface, with a F 1-score of

30% for variant V -FEhyb, 8% for variant V -FEatt and 22% for variant V -FEfull. Additionally, the

standard deviations for variants V -FEatt and V -FEfull are much larger (6% and 8%, respectively).

The visual results in the second row of figure 6.10 show an example that explains the lower F 1-

score for Impervious Surface, especially for variant V -FEatt. The urban area below the river
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includes many streets and buildings that are labelled individually, i.e. as single buildings or fine

streets, in the test dataset T D
te . Model variant V -FEhyb predicts several of these structures that are

surrounded by the class Soil, but already for this variant many buildings are missing in the result

and the wider road is partly misclassified. Both other variants predict drastically fewer building

and road structures in this area. Instead, the urban area is mainly classified as Soil. The F 1-score

of class Agriculture is very low for all variants. As discussed earlier, most of the pixels belonging

to Agriculture are wrongly assigned to Forest & vegetation or Soil in the predictions. The higher

score for Agriculture for variant V -FEatt is unexpected as this variant achieves the worst results in

the OA and mF 1-score; it can be explained by the exemplary LC predictions in figure 6.10. The

agricultural area in the first row is only predicted correctly for variant V -FEatt, while both other

variants predict Forest & vegetation or Soil in this area. However, it remains an open question why

this model is able to predict the class Agriculture at least for some areas while both other variants

achieve even lower F 1-scores. The second example in figure 6.10 visualises what happens for pixels

belonging to the class Wetland (circle 1): for all three variants, all pixels assigned to Wetland in

the test dataset are predicted as Water. In the corresponding satellite image of the shown timestep,

it is also relatively difficult to distinguish clearly between these two classes, but it is not impossible

as the areas assigned to Wetland are brighter than the surrounding areas of Water. Probably the

low number of pixels assigned to this class in the training dataset does not represent this class well.

The qualitative results in figure 6.10 show some more differences between the model variants. For

example, the long arm of class Soil (circle 2) is only predicted by the proposed variant V -FEhyb,

while V -FEatt does not detect it at all and variant V -FEfull only predicts some parts of it. Example

3) also shows that the small rectangular areas of the class Impervious Surface cannot be predicted

by any of the models (circle 3), similar to the buildings in example 2). The detection of such fine

structures is a main challenge for all compared variants in this section and is probably caused by

the patch generation process in the first layers of the models.

6.2.3 Discussion

The proposed module FEhyb for hybrid spatial-temporal feature extraction was evaluated based

on three datasets for SITS classification with the task of LC classification. Besides the similar

application, there are major differences between these datasets as discussed in section 5.1.3. In

combination, the three datasets cover a variety of LC classes with one dataset having comparably

few training samples that are labeled manually in comparison to a large dataset with some label

noise.

On the Lower Saxony and Dynamic Earth test datasets the proposed model V -FEhyb achieves

the highest mF 1-score and OA compared to variants V -FEatt and V -FEfull. On the Kleve dataset

the mF 1-score and OA are very close for all variants and while the proposed variant achieved

the highest mF 1-score, the achieved OA is the second best. On the Lower Saxony dataset, the

performance of variant V -FEhyb is significantly better on the test dataset T L
te compared to both

other variants, V -FEatt and V -FEfull, while the performance difference is slightly smaller on T L
cor.

For the Dynamic Earth dataset, only the performance difference to variant V -FEatt is significant,

the latter being the model achieving the lowest F 1-scores throughout all experiments. In the
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Figure 6.10: Examples of classification results of variants V -FEhyb, V -FEatt and V -FEfull in comparison

to the labels from the test dataset T D
te of the Dynamic Earth dataset. The first column shows

the Planet composites, the second column the labels from T D
te and the following columns the

classifications of the three variants. The Planet images are acquired at 01/06/2018 and the

classification results are those from the corresponding month in the input timeseries.

following, the obtained results are discussed with respect to the research question stated in section

5.2.3:

2. Does the proposed hybrid feature extraction module, considering spatial context with convolu-

tions and temporal context with self-attention, lead to better results than modules solely relying on

self-attention for feature extraction?

The comparison of the results of the proposed model V -FEhyb to those of variant V -FEatt

shows that convolutions are better suited for capturing spatial context than the window-based self-

attention that is used in variant V -FEatt. In this regard, and to answer research question 2, the

proposed hybrid features extraction module outperforms a module relying solely on self-attention in

separated spatial and temporal streams. On the other hand, a comparison of the results achieved

by the proposed model V -FEhyb and those of variant V -FEfull, which jointly consisers spatio-

temporal dependencies with self-attention, shows a significant improvement for V -FEhyb only for

one of the test datasets. However, the obtained performance for the proposed model V -FEhyb is

still the same or better throughout all experiments, while the computational complexity is reduced.

Therefore, to answer research question 2 conclusively, the usage of the proposed hybrid feature

extraction module leads to similar or better results compared to modules that solely rely on self-
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attention. While the proposed module significantly improves the results compared to a model based

on self-attention with separate consideration of spatial and temporal context, the proposed module

results in similar performance compared to a model considering joint spatio-temporal attention.

To conclude, the separation of the computation of spatial and temporal dependencies is possible

without a drop in performance, under the condition that suitable methods are used for each dimen-

sion. For the used application of LC classification from SITS, convolutions are more suitable than

window-based self-attention in the spatial dimension. Regarding the extraction of temporal depen-

dencies, the usage of self-attention is not compared to other methods; this could be an interesting

question for future research.

Commonly, the separation of the computation in spatial and temporal streams is done with the

goal of reducing the computational complexity. To analyse this aspect for the compared model

variants, table 6.11 shows the mean inference times during testing and the number of model pa-

rameters for both datasets and all three analysed model variants. A comparison during training

is not possible as the conducted experiments are spread across multiple GPUs with different char-

acteristics. The differences in the numbers of parameters for the models that are trained on the

Lower Saxony and Dynamic Earth datasets are caused by the different hyper-parameters used in

these experiments (cf. section 5.2.1).

T L
te T D

te

Variant ti #p ti #p

V -FEhyb 0.042 26.2 0.044 39.4

V -FEatt 0.038 25.3 0.035 33.3

V -FEfull 0.069 26.2 0.104 35.7

Table 6.11: Overview of inference times ti [ms] and number of parameters #p [mio.] for the different model

variants on the test dataset of Lower Saxony and Dynamic Earth. The inference times are

averages over all input timeseries of the test dataset during evaluation on the same graphic

card (Nvidia GeForce RTX 3090), i.e. the time ti is the time needed to classify one input

X ∈ RT×B×H0×W0 . A comparison of training times is not possible as different GPUs were used.

The inference times are relatively similar for variants V -FEhyb and V -FEatt, with a slightly faster

processing for V -FEatt. This can be explained by the different computational settings for self-

attention and convolution. While in variant V -FEatt self-attention is computed in local windows

that do not overlap, the convolutional kernels in variant V -FEhyb are applied to each pixel, shifting

the kernel over the input feature map. Therefore, the convolutional operation is repeated many more

times than the corresponding self-attention which can explain the slightly higher time for V -FEhyb.

As expected, the inference times for variant V -FEfull are higher than for both other variants. On

the Lower Saxony dataset, the inference time for variant V -FEfull is 1.6 and 1.8 times higher

than the ones for variants V -FEhyb and V -FEatt, respectively. On the Dynamic Earth dataset the

difference is even higher, as the inference time for variant V -FEfull is 2.4 and 3 times higher than

the ones for variants V -FEhyb and V -FEatt, respectively. This behaviour is expected, because the

self-attention operation in V -FEfull is applied to three instead of two dimensions, increasing the

number of input patches to one self-attention block from M ×M to T ×M ×M . To conclude, the
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proposed model V -FEhyb achieves better accuracy scores compared to variant V -FEatt that needs

similar inference times and achieves slightly higher or similar accuracy scores compared to variant

V -FEfull, which requires inference times that are higher by a factor between 1.6 and 3.

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

In this section, the results regarding the 3D-convolutional patch generation module are discussed.

This module is used in the proposed model V -FEhyb and is based on 3D convolutions to extract

spatio-temporal features at the original spatial resolution of the input SITS. This module is com-

pared to a patch generation module based on 2D convolutions (variant V -FE2D), the original patch

generation module from the Swin Transformer (variant V -FEswin), a 3D patch generation module

with an additional skip connection (variant V -FEskip) and the usage of a patch size of P = 1 (vari-

ant V -FEP1). In the following, the results on the Lower Saxony and Kleve dataset are discussed

in section 6.3.1, before the results in the Dynamic Earth dataset are discussed in section 6.3.2.

Afterwards, the results are summarised and discussed with regard to research questions 3 and 4

stated in chapter 1.

6.3.1 Results on the Lower Saxony and Kleve datasets

Results on the Lower Saxony dataset: Table 6.12 reports the overall accuracies as well as

the mean F 1-scores on the two test datasets T L
cor and T L

te of Lower Saxony. In addition, table 6.13

shows the individual F 1-scores for all classes of the corrected test dataset. The F 1-scores on the

other test datasets are reported in the appendix B.

Variant
T L
cor T L

te

OA mF 1 OA mF 1

V -FEhyb 86.3 ± 0.1 72.9 ± 0.4 85.7 ± 0.1 78.7 ± 0.2

V -FEswin 86.1 ± 0.1 72.3 ± 0.4 85.7 ± 0.1 78.9 ± 0.2

V -FE2d 85.7 ± 0.3 69.7 ± 1.1 84.2 ± 0.6 76.8 ± 0.7

V -FEskip 86.6 ± 0.0 73.1 ± 0.4 85.7 ± 0.0 78.7 ± 0.1

V -FEP1 85.8 ± 0.3 70.7 ± 0.5 84.4 ± 0.1 75.5 ± 1.0

Table 6.12: OA and mF 1 in % for the experiments to evaluate the 3D-PG module that is used in variant

V -FEhyb, achieved on the Lower Saxony datasets T L
cor and T L

te . 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.

The proposed model V -FEhyb, which uses the new patch generation module with 3D con-

volutions, the variant V -FEswin, which uses the original patch generation module, and variant

V -FEskip, which uses the additional skip connection, all achieve a very similar performance. While

V -FEskip achieves slightly better results on the corrected test dataset T L
cor (+0.2% mF 1 compared

to V -FEhyb), variant V -FEswin achieves minimally better results on the test dataset T L
te (+0.2%

mF 1 compared to V -FEhyb). However, these differences are small and none of them is statistically

significant. Variant V -FE2D, which uses 2D convolutions in the patch generation module, and
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variant V -FEP1 achieve lower accuracy scores than the other variants. Variant V -FE2D achieves a

mF 1-score that is 3% lower on T L
cor and 2% lower on T L

te . Both of these differences are statistically

significant compared to model V -FEhyb. The individual F 1-scores on the corrected test dataset

T L
cor reported in table 6.13 are very similar for the variants V -FEhyb, V -FEswin and V -FEskip.

Exceptions are the class Barren land, for which variant V -FEhyb achieves a 3% higher F 1-score

than variant V -FEswin, and the class Vegetation, for which variant V -FEskip achieves a 2% higher

F 1-score than variant V -FEswin. For variants V -FE2D and V -FEP1, the F
1-scores for most classes

are slightly worse than for variants V -FEhyb, V -FEswin and V -FEskip. The largest drop in per-

formance is obtained for the class Coniferous forest (-12% for variant V -FE2D). The F 1-scores of

Agriculture and Water are very close, differing by a maximum of 0.5%. On T L
te , variant V -FEskip

achieves the highest F 1-scores for four of the classes and variant V -FEswin for two classes.

Figure 6.11 shows two examples (indicated by numbers in the figure) for qualitative results of the

different model variants in comparison to the labels of the corrected test dataset T L
cor. Some of the

results underline the obtained accuracy scores that were discussed in the previous paragraph. For

instance, the outlines of forest and settlement areas look more blurred, i.e. edges are more round

and straight lines are curved, for variant V -FE2D, and the highway in example 2 is predicted to

be thicker than the one predicted by the other variants or than it is in the reference. Further-

more, variant V -FE2D cannot distinguish between the two types of forest in example 2. These

observations show why variant V -FE2D performs worse than the variants V -FEhyb, V -FEswin and

V -FEskip. The predictions of V -FEhyb, V -FEswin and V -FEskip are very similar for most regions.

There are some small differences, e.g. the street in the forest area in example 2 is interrupted

in the prediction of variant V -FEswin, which is not the case for variants V -FEhyb and V -FEskip.

Furthermore, the predictions of the two types of forest are more similar to the reference for vari-

ant V -FEhyb. These qualitative examples underline the better performance of the new method,

especially in comparison to variant V -FE2D. In the following, the results of variant V -FEP1 are

analysed in more detail, because the obtained results contradict the expectation that a smaller

patch size improves the general classification performance.

Evaluation of variant V -FEP1: Variant V -FEP1, which does not use any patch generation

module, achieves worse results than V -FEhyb, V -FEswin or V -FEskip on both test datasets. The

differences in the mF 1-score are significant compared to the proposed model V -FEhyb. The classes

for which variant V -FEP1 achieves significantly worse results are Sealed area and Barren land.

Figure 6.11, showing some qualitative results of all model variants in comparison to the reference

for T L
cor, helps to analyse these limitations in more detail. In comparison to the other variants,

V -FEP1 delivers sharper class borders, especially in comparison to variants V -FE2D and V -FEskip,

which can be seen clearly at object boundaries, e.g. for the settlement areas in circle 1. In some

cases, variant V -FEP1 classifies even finer structures than the reference. For instance, the highway

access belonging to the class Sealed area in circle 2 is predicted very accurately by variant V -FEP1,

and even the forest areas surrounded by the highway access are classified, which is not the case for

any other variant. Another example is the extended lake in circle 3. Variants V -FEhyb, V -FEswin,

V -FEskip and V -FE2D have problems classifying the whole region of the lake correctly; that is,

for each of the variants some parts of the lake are missing. The prediction of variant V -FEP1

is very close to the observed Water area in the corresponding satellite image. Furthermore, some
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country roads with a width smaller than highways are only predicted with variant V -FEP1, and the

prediction of roads is not interrupted as often as for the other variants. These observed differences

are all very small, which can be one reason why the quality indices do not indicate a better

performance than the other variants. Of course, also some incorrect classification occurs for variant

V -FEP1, for instance between the classes Vegetation and Agriculture (circle 4) or the areas of

Barren land, which is predicted to be larger than in the reference (circle 5).

In contrast to the obtained accuracy scores, the qualitative examples show the potential of using

a smaller patch size. In several cases, the predicted LC maps of variant V -FEP1 look more similar

to the observed LC in the satellite imagery than the predictions of the other variants. The reason

why the results are worse on average, especially compared to the test dataset T L
te (-3% mF 1-score),

are the even finer details in the prediction of V -FEP1. These are sometimes not included in T L
te ,

caused by the automatic generation process of the labels. A further possible reason for slightly

more wrong classifications can be the smaller receptive field in comparison to all other variants, as

discussed in section 5.2.4.

Variant Stl Sld Agr Veg Dfor CFor Wat Bar

V -FEhyb 87.9 ± 0.1 57.8 ± 0.7 93.8 ± 0.1 50.6 ± 0.7 78.8 ± 0.8 74.4 ± 0.3 89.0 ± 0.1 50.9 ± 2.3

V -FEswin 87.9 ± 0.1 57.7 ± 0.9 93.7 ± 0.1 49.5 ± 0.8 78.6 ± 0.2 73.7 ± 0.3 89.0 ± 0.3 48.0 ± 2.1

V -FE2d 87.7 ± 0.7 54.5 ± 0.4 93.7 ± 0.0 49.2 ± 0.7 77.8 ± 0.1 62.6 ± 3.5 89.0 ± 0.7 43.1 ± 3.6

V -FEskip 88.1 ± 0.3 58.5 ± 0.5 93.9 ± 0.1 51.3 ± 0.3 80.0 ± 0.6 73.8 ± 0.2 89.0 ± 1.0 50.2 ± 1.7

V -FEP1 87.5 ± 0.7 52.2 ± 2.2 93.5 ± 0.2 50.7 ± 1.0 79.3 ± 0.2 70.7 ± 2.2 88.5 ± 0.5 42.9 ± 3.1

Table 6.13: F 1-scores for all classes in % on T L
cor for different variants to analyse the 3D patch generation

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.

Results on the Kleve dataset: The OA and mF 1-scores achieved by te compared model

variants on the Kleve test dataset T L
kleve are reported in table 6.14, and the individual F 1-scores are

reported in table 6.15. The results on the Kleve dataset T L
kleve are comparable to those on the two

test datasets of Lower Saxony. Very similar performances are obtained for variants V -FEhyb and

V -FEskip. The slightly better OA for variant V -FEskip (+0.4%) is mainly caused by a higher F 1-

score for the class Agriculture (+0.7%), which contains the highest number of pixels in the dataset.

Variant V -FE2D achieves the lowest OA and mF 1-score again, and the difference of 2.2% in the

mF 1-score compared to variant V -FEhyb is statistically significant. Variant V -FEP1 performs

better compared to variant V -FE2D, but still 1.5% worse in the mF 1-score than variants V -FEhyb

and V -FEskip. However, this difference is not significant. The best F 1-scores are distributed

between all variants (cf. table 6.15). Comparable F 1-scores are obtained for the classes Water

(87-89%), Settlement (57-60%), and Sealed area (16-18%). A high drop in performance is obtained

for the class Coniferous forest for variant V -FE2D, which performs 10% worse for that class than

all other variants. However, due to the low number of points (147 for the class Coniferous forest),

some wrong classifications already have a drastic impact on the F 1-scores.
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Figure 6.11: Qualitative results for variants V -FEhyb, V -FEswin, V -FE2D, V -FEskip and V -FEP1 in com-

parison to the reference from the test dataset T L
cor.

Variant
T L
kleve

OA mF 1

V -FEhyb 72.3 ± 1.0 64.8 ± 0.8

V -FEswin 71.6 ± 0.6 64.0 ± 0.5

V -FE2d 70.0 ± 0.2 62.6 ± 0.1

V -FEskip 72.7 ± 0.6 64.9 ± 0.4

V -FEP1 71.3 ± 0.4 63.3 ± 0.7

Table 6.14: OA and mF 1-scores in % achieved on the Kleve test dataset T L
kleve in the experiments to evaluate

the 3D-PG module that is used in variant 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.

Summary: To summarize the results on the Lower Saxony and Kleve datasets, the expecta-

tion of an improvement in classification performance by using 3D convolutions to extract spatial-

temporal dependencies was not met , as the original patch generation module from the Swin
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Variant Stl Sld Agr Veg Dfor CFor Wat Bar

V -FEhyb 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

V -FEswin 57.2 ± 0.1 16.2 ± 2.2 85.2 ± 2.0 66.8 ± 2.8 75.4 ± 0.9 82.2 ± 0.9 88.5 ± 0.1 40.3 ± 3.2

V -FE2d 60.2 ± 0.9 18.4 ± 0.4 82.6 ± 0.0 65.2 ± 1.0 73.5 ± 0.4 72.1 ± 2.6 86.7 ± 0.6 41.9 ± 1.2

V -FEskip 58.7 ± 1.1 17.9 ± 2.0 86.8 ± 1.7 68.3 ± 2.3 76.7 ± 1.8 82.1 ± 0.0 89.2 ± 0.5 39.8 ± 1.3

V -FEP1 57.0 ± 0.8 16.1 ± 2.0 85.7 ± 1.1 66.2 ± 0.8 74.3 ± 2.7 82.0 ± 1.3 88.4 ± 0.6 36.8 ± 4.5

Table 6.15: F 1-scores in % on T L
kleve for different model variants differing by the patch generation. 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.

Transformer performs almost similarly well. However, compared to the variant that uses 2D con-

volutions for patch generation, the usage of 3D convolutions performs significantly better. Using

the additional skip connection in variant V -FEskip resulted in minor improvements compared to

V -FEhyb on T D
cor and T D

kleve, but these differences are smaller than the corresponding standard

deviations. Variant V -FEP1, which uses a patch size of P = 1 and no patch generation module,

achieves lower accuracies than the best performing variants V -FEhyb, V -FEswin and V -FEskip.

This can be caused by the smaller receptive field, which is reduced by a factor of 4 in the con-

ducted experiments, resulting in less spatial context that can be used to classify a specific pixel.

Furthermore, for variant V -FEP1, the classified LC maps show more detailed results than all other

variants and, in some cases, also than the test datasets. That the reference T L
te does not include

some fine details is caused by the rasterization process. This process results in the fact that pixels,

covering fine structures such as streets by a small percentage, are assigned to the dominant class

next to it. This can explain the differences in the accuracies to some extent.

6.3.2 Results on the Dynamic Earth dataset

Table 6.16 reports the accuracy metrics for the Dynamic Earth test dataset T D
te . The best OA

and the best mF 1-score are achieved for variant V -FEP1, with an OA of 68.4% and a mF 1-score

of 43.8%. Regarding the mF 1-score, this variant is closely followed by variant V -FEhyb using the

3D patch generation module, with only -0.1% in the mF 1-score, whereas the OA is 2% better for

variant V -FEP1. V -FE2D achieves only slightly worse results than V -FEhyb and V -FEP1, for

instance the mF 1-score is 0.4% lower than for variant V -FEP1. With an OA of 67.5%, variant

V -FE2D achieves a comparably high OA, even higher than the one of V -FEhyb. The larger OA is

caused by a larger F 1-score of 65% for the class Soil, which is 2% higher than the one of variants

V -FEhyb and V -FEswin. The overall accuracy and mF 1-score of variant V -FEskip show similar

results: While the mF 1 for V -FEskip is slightly lower than for V -FEhyb (-0.7%) or V -FEP1 (-

0.8%), variant V -FEskip achieves the second best OA. Again, this behaviour is caused by the larger

F 1-score of the class Soil, which is 2.6% larger than the one for variant V -FEhyb. As Soil covers

more than 30% of the pixels in the test dataset, this has a relatively high impact on the OA,

while the effect on the mF 1 is smaller. The worst accuracies are obtained for variant V -FEswin,

with a difference of 1.6% in mF 1 and 2.5% in OA compared to variant V -FEP1. As the standard
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deviations are also higher, especially for the mF 1-score of variants V -FEswin and V -FE2D, none

of these differences is statistically significant.

Similarly to the results obtained in section 6.2.2, the accuracies for the classes Agriculture and

Wetland are very low, with F 1-scores between 0 and 3%. A class with higher F 1-scores and stable

results over all variants is Forest & vegetation. Except for variant V -FEskip, which achieves an

F 1-score which is 0.6% lower than the second-best score, the F 1-score differs by a maximum of

0.2%. Slightly higher differences are achieved for the classes Soil and Water (maximum difference

of 3.5% and 5% in the F 1-scores, respectively). For both classes, variant V -FEP1 achieves the best

F 1-scores. The largest differences and the largest standard deviations are obtained for the class

Impervious surface, with a difference of -6% for variant V -FEswin compared to variant V -FEhyb or

V -FEskip. The standard deviations for class Impervious surface for variants V -FEswin, V -FE2D

and V -FEskip are very high, with ±12%, ±11.6% and ±12.1%, respectively. These results indicate

a higher instability for these two variants when trained on the Dynamic Earth dataset.

Variant OA mF 1 Imp Agr Veg Wet Sol Wat

V -FEhyb 66.4 ± 2.3 43.8 ± 0.5 30.4 ± 1.5 1.8 ± 0.7 75.2 ± 0.2 2.0 ± 2.0 62.7 ± 4.7 90.9 ± 2.5

V -FEswin 65.9 ± 0.9 42.3 ± 1.7 24.3 ± 12.0 2.4 ± 2.8 75.0 ± 0.5 0.4 ± 0.4 62.9 ± 2.9 89.0 ± 1.7

V -FE2D 67.5 ± 1.2 43.5 ± 1.5 28.1 ± 11.6 1.9 ± 0.9 75.2 ± 0.9 0.7 ± 0.4 65.0 ± 4.6 90.0 ± 1.9

V -FEskip 67.6 ± 0.6 43.1 ± 2.0 30.9 ± 12.1 0.2 ± 0.3 74.4 ± 0.5 0.3 ± 0.4 65.3 ± 0.9 87.4 ± 1.9

V -FEP1 68.4 ± 0.6 43.9 ± 1.0 26.6 ± 7.4 2.9 ± 1.2 75.0 ± 0.2 0.0 ± 0.0 66.4 ± 1.2 92.4 ± 0.6

Table 6.16: OA, mF 1 and individual F 1-scores for all classes in % on the Dynamic earth dataset T D
te achieved

by several variants that use different patch generation modules. 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.

Qualitative results: Figure 6.12 shows qualitative results for three examples (indicated by

the numbers) of all variants compared in this section on the Dynamic Earth dataset, along with

the input and the reference from T D
te . Note that example 2 shows a more detailed view of the

central urban area from example 1. The predictions show a larger variation than those on the

Lower Saxony dataset. For instance, the prediction of single buildings is much better for variant

V -FEP1, but it is still not as detailed as in the reference (example 2). In the same area, variant

V -FE2D predicts only a few pixels as Impervious surface and in contrast, variants V -FEswin and

V -FEskip predicts almost the whole area as Impervious surface. For the proposed variant V -FEhyb,

some individual buildings are separated, but most of the buildings are connected. Another example

in which variants V -FEP1 and V -FEhyb achieve better results than the two other ones is the river

shown in example 1. Variants V -FE2D, V -FEswin and V -FEskip only partly predict the river as

a Water area, and the areas that are labeled as Wetland in the reference are assigned to the class

Forest & vegetation or Soil. Variants V -FEhyb and V -FEP1 are able to predict the river completely

as Water, but these variants also fail to correctly predict the areas labeled as Wetland. The area

shown in example 3 is difficult to classify correctly for all model variants. All models predict a

much larger area as Forest & vegetation in the right part of the image and the separation between

the classes Impervious surfaces and Soil is also difficult for all variants. Comparably good results

are obtained by variant V -FEskip, which predicts several of the single buildings in circle 1 correctly,
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which is not the case for the other variants. However, also for V -FEskip, the buildings are much

larger than those in the reference.
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Figure 6.12: Qualitative results for the image patches for variants V -FEhyb, V -FEswin, V -FE2D, V -FEskip

and V -FEP1 in comparison to the reference from the test dataset T D
te .
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Summary: To conclude, the proposed 3D patch generation module, used in variant V -FEhyb,

performs better than the standard patch generation module (variant V -FEswin) on the Dynamic

Earth dataset. It also slightly outperforms variant V -FE2D, which uses the 2D patch genera-

tion module, and variant V -FEskip, which uses the additional skip connection, in terms of the

mF 1-score. For both variants, the achieved overall accuracy is about 1% better than the one of

variant V -FEhyb. However, due to higher standard deviations of variants V -FEswin, V -FE2D and

V -FEskip, none of the differences in the mF 1-scores are statistically significant. The variant with-

out any patch generation (V -FEP1) achieves the best performance in the mF 1-score and in the

overall accuracy, but the difference compared to the second-best variant (V -FEhyb) is minor. As

the input images had to be reduced in size by a factor of four in height and width to be able to

train variant V -FEP1 compared to all other variants, the receptive field is also smaller by a factor

of four in height and width. This might have a negative impact on the model’s performance and,

therefore, the improvements of V -FEP1 might be even larger if the same input size can be used.

The qualitative results show that the smaller patch size results in much finer details in the predic-

tions, which shows that the patch generation process has an impact on the classification results,

independently of the strategy to combine pixels into patches.

6.3.3 Discussion

The results on the different test datasets do not show a significant tendency towards one of the

tested model variants. In all cases, the proposed model V -FEhyb, which uses the new 3D patch

generation module, achieves the second-best results, however the best performing variant varies

between V -FEswin, V -FEskip on the Lower Saxony and Kleve dataset and V -FEP1 on the Dynamic

Earth dataset. Based on the discussed results, research questions 3 and 4 from chapter 1 can be

discussed:

3. Does the proposed patch embedding module, utilizing 3D convolutions to encode spatio-temporal

dependencies, achieve better performance compared to standard patch embedding strategies such

as the one in the Vision Transformer (Dosovitskiy et al., 2021) or when compared to using 2D

convolutions to consider spatial context only?

4. Does an additional skip connection at a higher spatial resolution than the one of the feature

maps after patch embedding lead to improved classification performance?

Regarding the first part of research question 3, the expectation that 3D convolutions outperform

the standard patch generation module from the Swin Transformer was only partly confirmed as

the improvements on all datasets for variant V -FEhyb compared to variant V -FEswin are not

significant. However, on three of the four test datasets, the proposed 3D patch generation module

achieves better results than the standard patch generation. The qualitative results underline the

slightly better performance of the 3D patch generation module, e.g. some finer details such as

buildings are classified correctly, compared to the predictions of variant V -FEswin. However, these

details have a minor impact on the performance metrics, because they all only affect a small number

of pixels, e.g. at object borders.
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The second part of research question 3 cannot be answered clearly, as the results achieved on

the different datasets are contradicting. While variant V -FEhyb performs significantly better than

variant V -FE2D on the Lower Saxony dataset, these two variants perform similarly well on the

Dynamic Earth dataset. However, when summarising the results on all datasets, variant V -FEhyb

performs better than or similarly well as variant V -FE2D, and therefore, it would be the method

of choice for further application.

Using the additional skip connection in variant V -FEskip resulted in similar but slightly better

classification results on the Lower Saxony and Kleve datasets, while the performance of variant

V -FEskip was slightly worse on the Dynamic Earth dataset. None of the reported differences is

statistically significant. Therefore, and to answer research question 4, the usage of the additional

skip connection at a spatial resolution of (H0/2,W0/2) did not result in significantly improved

performance for any of the tested variants.

Variant V -FEP1 was used to compare the results that can be achieved by omitting the patch

generation completely. In general, this model was expected to outperform the variants that use a

patch generation module with a patch size of P = 4, but, the receptive field had to be reduced by

the factor of the patch size, which might have an impact on the classification performance of this

variant. The expectation of better accuracy scores was only confirmed by the accuracies on the

Dynamic Earth dataset, for which V -FEP1 performs best. On the Lower Saxony dataset, variant

V -FEP1 achieves lower scores than variants V -FEhyb, V -FEswin and V -FEskip. However, the

qualitative results for both datasets show the potential of using the input pixels as patches directly.

In several predicted label maps, the object boundaries are sharper and small details like single

buildings or streets can be predicted with much more detail. Some of these details are not included

in the automatically generated dataset of Lower Saxony T L
te , which can be one reason for the slight

decrease in performance on that dataset. In the Dynamic Earth dataset, many such fine details

are included in the labels, which explains the better performance for V -FEP1 on this dataset.

The main reason for using a patch size larger than one in a Transformer model is the increase

in training and inference time when more input patches serve as inputs to self-attention layers.

Table 6.17 shows an overview of the inference time needed for an area of 256×256 pixels and

the corresponding number of model parameters for all variants compared in this section. The

number of model parameters is only slightly affected by the different patch generation variants,

which is reasonable as only several layers in the beginning or end of the models are adapted and

all other stages stay similar as for the proposed variant V -FEhyb. As variant V -FEP1 classifies

input patches of size 64×64 pixels, the inference time of this variant is multiplied by a factor of

16 for a fair comparison. The inference times show comparable values for variant V -FEswin and

V -FE2D, while variant V -FEhyb, which uses the new 3D PG module, needs slightly more time on

both datasets. This is expected because the 3D convolutions compute features based on shifting

the kernel matrix in three dimensions before any downsampling layer. Variant V -FEskip, which

uses the additional skip connection, slightly increases the inference time in comparison to variant

V -FEhyb. V -FEskip is also the variant with the highest number of model parameters, increasing

the number of trainable parameters by 1.5 million on both datasets compared to variant V -FEhyb.

This slight increase is caused by the additional convolutional layers that are needed to integrate
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the encoder features into the last decoder layers. A drastic increase of the inference time can be

observed for variant V -FEP1, which needs a time that is larger by a factor of nine on T L
te and

larger by a factor of twelve on T D
te , in comparison to variant V -FEhyb. The increase by such a

large factor is expected because the models V -FEP1 and V -FEhyb are equal except for the patch

generation module. This means that, while variant V -FEhyb classifies a region of 256×256 pixels

by classifying one input timeseries X, variant V -FEP1 needs to classify 16 input timeseries X with

the reduced spatial dimension of 64×64 to classify the same region on the ground.

To summarise, variants V -FEP1, V -FEskip and V -FEhyb are all based on the new FEhyb module

and achieve the overall best results when comparing them to the standard patch generation or the

patch generation based on 2D convolutions. Furthermore, some qualitative results indicate a slightly

better performance for variant V -FEP1 to classify fine structures such as single buildings or streets,

which is not possible at this level of detail with all other variants. However, this comes at the cost

of a drastically increased time for inference.

T L
te T D

te

Variant PE P ti #p ti #p

V -FEhyb 3D 4 0.042 26.2 0.044 39.4

V -FEswin Swin 4 0.029 25.8 0.036 39.4

V -FE2D 2D 4 0.031 25.8 0.037 39.4

V -FEskip 3D 4 0.044 27.6 0.045 40.7

V -FEP1 - 1 0.384 26.0 0.528 39.3

Table 6.17: Overview of inference times ti [ms] and number of parameters #p [mio.] for the different model

variants in the experiment set analysing the patch generation module. The inference times are

averages over all input timeseries of the test dataset during evaluation on the same graphic

card (Nvidia GeForce RTX 3090), i.e. the time ti is the time needed to classify one input

X ∈ RT×B×H0×W0 . One exception is variant V -FEP1, for which the inference time is multiplied

by a factor of 16 to compare the inference time needed to classify the same area on the ground

in comparison to the other variants. A comparison of training times is not possible as different

GPUs are used.

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

In this section, the results of the experiments regarding the temporal weighting module are evalu-

ated. This is done to answer research question 5, whether the proposed temporal weighting module

that is used in all model stages improves the performance compared to a model that does not use

this module, as stated in chapter 1. The comparison includes the variant V -FEhyb, which uses the

temporal weighting module in the skip connections of all model stages, and the variant V -FEnoTW

that does not use any temporal weighting module. First, the results on the Lower Saxony and

Kleve dataset are analysed, which is followed by the evaluation of the results on the Dynamic

Earth dataset. In section 6.4.3, the results on all datasets are summarised and discussed in general

with respect to research question 5.
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6.4.1 Results on the Lower Saxony and Kleve datasets

The overall accuracies as well as the mF 1-scores for the test datasets of Lower Saxony and Kleve

achieved in the experiments analysed in this section are reported in table 6.18. Additionally, table

6.19 reports the individual F 1-scores of all classes for the corrected test dataset T L
cor, while the

F 1-scores on the test dataset T L
te can be found in appendix C. Note that the accuracy scores of

variant V -FEhyb are the same as in the previous sections.

Variant
T L
cor T L

te T L
kleve

OA mF 1 OA mF 1 OA mF 1

V -FEhyb 86.3 ± 0.1 72.9 ± 0.4 85.7 ± 0.1 78.7 ± 0.2 72.3 ± 1.0 64.8 ± 0.8

V -FEnoTW 86.1 ± 0.1 73.5 ± 0.5 85.4 ± 0.1 78.5 ± 0.3 72.9 ± 0.0 65.1 ± 0.4

Table 6.18: OA and mF 1-scores for all classes in % for the experiments regarding the temporal weighting

module achieved on the Lower Saxony and Kleve datasets. 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.

The proposed model V -FEhyb achieves a slightly better mF 1 and OA on the test dataset T L
te

(0.2%), while variant V -FEnoTW , which does not use the temporal weighting module, achieves

slightly better mF 1-scores on the corrected test dataset T L
cor (0.6%) and on the Kleve dataset T L

kleve

(0.3%). As the standard deviations are also in the range of these improvements, none of these

differences is statistically significant. The class-specific F 1-scores on the corrected test dataset

T L
cor, as reported in table 6.19, are all very similar for both variants. The largest difference in the

F 1-score is obtained for the class Barren land with a decrease in the performance of 2.5% for model

V -FEhyb, which is the reason why the mF 1-score is higher for variant V -FEnoTW . However, for

this class, the standard deviations are also in the range of the improvement, with 2.3% and 2.8%

for variants V -FEhyb and V -FEnoTW , respectively. This indicates that the general performance

for this class is more unstable than it is for the other classes, and consequently, this difference is

not significant. For all other classes, the differences are below 1% with no clear tendency towards

one of the two compared variants.

To summarise, the temporal weighting module does not have a strong positive or a negative

impact on the model’s performance when it is evaluated on the Lower Saxony dataset. All per-

formance metrics are relatively similar and the differences are in the range of the corresponding

standard deviations.

Variant Stl Sld Agr Veg Dfor CFor Wat Bar

V -FEhyb 87.9 ± 0.1 57.8 ± 0.7 93.8 ± 0.1 50.6 ± 0.7 78.8 ± 0.8 74.4 ± 0.3 89.0 ± 0.1 50.9 ± 2.3

V -FEnoTW 87.8 ± 0.1 58.4 ± 0.2 93.6 ± 0.0 51.3 ± 0.9 79.7 ± 0.0 74.1 ± 0.3 89.5 ± 0.0 53.4 ± 2.8

Table 6.19: F 1-scores for all classes in % on the corrected test dataset of Lower Saxony T L
cor, achieved by

the two model variants with and without the temporal weighting module. All quality metrics

are averages over three experiments; the numbers behind the accuracy scores indicate the corre-

sponding standard deviations. Best accuracy scores are indicated in bold.
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6.4.2 Results on the Dynamic Earth dataset

The overall accuracies, mF 1-scores, as well as the individual F 1-scores schieved on the Dynamic

Earth dataset in the experiments to analyse the temporal weighting module are reported in table

6.20. The proposed model V -FEhyb obtains a mF 1-score that is 1.9% higher than the one for

model variant V -FEnoTW , which is a significant improvement. The F 1-score of the classes Forest

& vegetation and Water are similar. The classes Agriculture and Wetland, which are the classes

with very low F 1-scores in general, are not differentiated at all by variant V -FEnoTW . The F 1-

score of the class Impervious Surfaces is 11% higher for the proposed model V -FEhyb compared

to variant V -FEnoTW . The F 1-scores achieved for this class are stable for both variants, with a

standard deviation of ±1.5% for V -FEhyb and ±2% for V -FEnoTW , which underlines the better

performance of variant V -FEhyb for the class Impervious surfaces. The F 1-score of the class Soil is

4% higher for V -FEnoTW in combination with a much smaller standard deviation. In contrast, the

standard deviation for this class reaches almost ±5% for variant V -FEhyb, indicating that these

results are more instable in comparison. The higher F 1-score causes the higher OA for variant

V -FEnoTW , as this class covers over 30% of the test dataset T D
te .

In summary, the obtainedmF 1-score for the proposed variant V -FEhyb is significantly better than

the mF 1-score for the compared variant V -FEnoTW . Furthermore, for five of the six LC classes for

the Dynamic Earth dataset, variant V -FEhyb achieves higher accuracy scores compared to variant

V -FEnoTW . Thus, the temporal weighting module has a positive impact on the classification

performance of the Dynamic Earth dataset, especially for the class Impervious surfaces, while for

the class Soil no temporal weighting results in a 4% higher F 1-score.

Variant OA mF 1 Imp Agr Veg Wet Sol Wat

V -FEhyb 66.4 ± 2.3 43.8 ± 0.5 30.4 ± 1.5 1.8 ± 0.7 75.2 ± 0.2 2.0 ± 2.0 62.7 ± 4.7 90.9 ± 2.5

V -FEnoTW 68.2 ± 0.7 41.9 ± 0.3 19.5 ± 2.0 0.2 ± 0.1 74.8 ± 0.6 0.0 ± 0.0 67.0 ± 1.2 90.2 ± 0.8

Table 6.20: OA, mF 1 and individual F 1-scores for all classes in % on the Dynamic earth dataset T D
te achieved

by the two with and without the temporal weighting module. 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.

6.4.3 Discussion

In this section, the introduced temporal weighting module TW was analysed by comparing the

proposed model V -FEhyb in which the TW module is used, to variant V -FEnoTW that does not

use the TW module in the skip connections. Analysing the results on the different datasets, research

question 5 can be answered:

5. Does integrating the proposed temporal weighting module into the skip connections through-

out all model stages enhance the classification performance compared to not using any temporal

weighting?

While the usage of the temporal weighting module has no significant impact on the classification

performance of the Lower Saxony dataset, there is a significant improvement of 1.9% on the Dy-
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namic Earth dataset with respect to the mF 1-score. The results show that the additional weighting

of the features extracted in the spatial stream of the corresponding encoder module by using the

features extracted in the temporal stream as weights in all model stages can increase the classi-

fication performance, but not necessarily for all datasets. A possible reason might be the higher

percentage of class changes during the observed time period included in the Dynamic Earth dataset.

For timesteps in which changes in LC occur, information encoded in the temporal stream might be

more important, which can be a reason that the temporal weighting module (TW) module results

in better performance on this dataset.

For variant V -FEnoTW the inference times and number of parameters are approximately the same

as those for the proposed model V -FEhyb (cf. table 6.11) as the matrix multiplication replaces other

convolutional layers that are otherwise used to map the encoder features to the needed dimension

of the decoder. For these reasons, the temporal weighting module can additionally be used, but the

classification performance does not improve in all cases. It could be the case that the impact of this

module is more important for applications that are even more dependent on temporal information,

like change detection or crop mapping, but this would require further experiments that are beyond

the scope of this thesis.

6.5 Comparison to other methods (Exp. 5)

In the final section of the experiment results, the proposed method is compared to two baseline

approaches from the literature, as introduced in section 5.2.6. The models selected for this com-

parison are those that are most similar to the proposed method according to the literature review

of chapter 3. The first baseline is a multi-temporal FCN that is purely based on convolutional

layers and was already used for multi-temporal LC classification in previous work (Voelsen et al.,

2023). The second one is the Utilise model, adapted from Stucker et al. (2023) to the task of

multi-temporal LC classification by modifying the last layer of the model. In the following, the

results of these two variants are reported and discussed. First, the results on the Lower Saxony

and Kleve datasets are described in section 6.5.1, before the results on the Dynamic Earth dataset

are presented in section 6.5.2. For the Dynamic Earth dataset, the results from a U-Net used by

Toker et al. (2022) to publish first results on their new dataset is also used for the comparison.

6.5.1 Results on the Lower Saxony and Kleve datasets

The overall accuracies as well as the mF 1-scores for the proposed method V -FEhyb in comparison

to the two baseline variants on the Lower Saxons and Kleve test datasets are reported in table

6.21. Additionally, the F 1-scores for the individual classes on the corrected test dataset T L
cor are

reported in table 6.22. The class-specific F 1-scores on the test datasets T L
cor and T L

kleve are reported

in appendix D. In the following, the obtained results of the FCN baseline are discussed first, before

the results from the Utilise model are analysed.

Comparison to FCN: The multi-temporal FCN achieves lower mF 1-scores and overall ac-

curacies on all three test datasets than the proposed model V -FEhyb. The differences in the
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Variant
T L
cor T L

te T L
kleve

OA mF 1 OA mF 1 OA mF 1

V -FEhyb 86.3 ± 0.1 72.9 ± 0.4 85.7 ± 0.1 78.7 ± 0.2 72.3 ± 1.0 64.8 ± 0.8

FCN 86.2 ± 0.0 72.7 ± 0.5 85.1 ± 0.4 78.2 ± 0.4 71.1 ± 0.4 63.6 ± 0.4

Utilise 86.0 ± 0.1 72.4 ± 0.1 85.7 ± 0.3 78.9 ± 0.6 71.9 ± 0.3 64.2 ± 0.1

Table 6.21: OA and mF 1-scores achieved on the Lower Saxony and Kleve datasets by the proposed method

and two baseline models. 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.

mF 1-scores are small compared to the standard deviations (-0.2% on T L
cor, -0.5% on T L

te ). When

applied to the Kleve dataset, the difference of the FCN from V -FEhyb is a bit higher in terms

of the mF 1-score (1.2%). Nevertheless, this difference is not statistically significant because the

standard deviations for V -FEhyb are also in this range. The individual F 1-scores only vary slightly

for the classes Settlement, Sealed area, Deciduous forest and Water, with differences of about 1%

on all test datasets. Higher differences are obtained for the classes Agriculture and Vegetation on

the Kleve dataset T L
kleve (cf. appendix D), with -2.1% and -5.8%, respectively, which indicates a

limited generalisation ability of the FCN for these classes.

Overall, the FCN achieves worse accuracies over all test datasets, but the differences are small

and not statistically significant. In the FCN the temporal dimension is combined with the spectral

dimension in the first layer of the model, but still the model can extract temporal dependencies from

the input data by using different weights in the kernel matrices of the different spectral-temporal

input channels. The results indicate that the purely convolutional model is able to extract most of

the features that are important for multi-temporal LC classification.

Variant Stl Sld Agr Veg Dfor CFor Wat Bar

V -FEhyb 87.9 ± 0.1 57.8 ± 0.7 93.8 ± 0.1 50.6 ± 0.7 78.8 ± 0.8 74.4 ± 0.3 89.0 ± 0.1 50.9 ± 2.3

FCN 88.0 ± 0.1 59.4 ± 0.4 93.7 ± 0.1 50.1 ± 0.4 79.9 ± 0.3 72.7 ± 0.3 88.8 ± 0.5 49.5 ± 2.3

Utilise 87.9 ± 0.0 58.6 ± 2.1 93.6 ± 0.0 49.8 ± 0.5 78.7 ± 0.4 73.9 ± 0.9 89.3 ± 0.1 47.1 ± 1.5

Table 6.22: F 1-scores for all classes in % on the Lower Saxony dataset T L
cor 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.

Comparison to Utilise: The Utilise model achieves slightly lower mF 1-scores compared to

the proposed model V -FEhyb on the test datasets T L
cor (-0.5%) and T L

kleve (-0.6%), while it achieves

a slightly better mF 1-score on T L
te (+0.2%). However, none of these differences is statistically

significant. Similar to the results of the FCN , for most classes the F 1-scores only vary slightly

between all three models. This applies to the classes Settlement, Sealed area, Agriculture, Deciduous

forest, Coniferous forest and Water. Similar to the FCN , the performance for Vegetation is worse

on the Kleve dataset T L
kleve (-2.9% in the F 1-score, cf. appendix D), compared to V -FEhyb. In
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contrast to the results of the FCN , the performance for the class Agriculture is very close to

the achieved results of V -FEhyb on all three test datasets, including the Kleve dataset. Higher

differences are obtained for the class Barren land, with a drop in performance of -3.8% on T L
cor for

the Utilise model compared to V -FEhyb. On the test dataset T L
te it is the opposite as the Utilise

model achieves a F 1-score that is 1.9% higher than the F 1-score achieved by V -FEhyb.

6.5.2 Results on the Dynamic Earth dataset

The overall accuracies, mF 1-scores as well as the class-specific F 1-scores on the Dynamic Earth

test dataset T D
te for the proposed method V -FEhyb in comparison to the two baseline variants,

FCN and Utlise, are shown in table 6.23. After the comparison of the proposed method to the

two baselines, the achieved accuracies are also compared to those published by Toker et al. (2022).

This comparison is based on the IoU scores on the validation dataset T D
val, as Toker et al. (2022)

only published these scores.

Variant OA mF 1 Imp Agr Veg Wet Sol Wat

V -FEhyb 66.4 ± 2.3 43.8 ± 0.5 30.4 ± 1.5 1.8 ± 0.7 75.2 ± 0.2 2.0 ± 2.0 62.7 ± 4.7 90.9 ± 2.5

FCN 65.0 ± 3.9 41.8 ± 1.6 24.9 ± 3.9 1.9 ± 2.1 74.6 ± 0.6 1.1 ± 1.2 58.2 ± 11.2 90.4 ± 0.5

Utilise 65.4 ± 1.3 46.5 ± 0.5 44.4 ± 1.6 5.1 ± 0.5 75.4 ± 0.2 3.0 ± 1.4 62.7 ± 2.7 88.6 ± 1.7

Table 6.23: OA, mF 1 and individual F 1-scores for all classes in % on the Dynamic Earth dataset T D
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.

Comparison to FCN: The FCN achieves the lowest mF 1-scores on the test dataset. The

mF 1-scores is 2.0% worse than the mF 1-score achieved by variant V -FEhyb. Due to the higher

standard deviation of the FCN, this difference is not statistically significant. In general, the stan-

dard deviations of the FCN are higher than those of all other variants, indicating that the achieved

results are more unstable than those of the other models.

Table 6.23 shows that the highest differences and standard deviations are obtained for the classes

Soil and Impervious surface. The F 1-score for the class Soil is 58% for the FCN , which is 4% lower

than the one for variant V -FEhyb. For the class Impervious surface, the F 1-score for the FCN

is 5.5% lower than the one for variant V -FEhyb. Both classes have a comparably high standard

deviation of 11% for Soil and almost 4% for Impervious surface for the FCN. These values show

that the FCN can achieve a similar performance as the proposed method for these classes, but a

stable, high accuracy is not obtained, as the performance drops drastically for other experiment

runs with the same setting. For the other classes, the performance for the FCN is only slightly

lower, with differences not exceeding 1-2%.

Comparison to Utilise: The Utilise model achieves the highest mF 1-score on the test dataset

T D
te in comparison to the FCN and the proposed method V -FEhyb, while the OA is lower than

the OA of both V -FEhyb variants. The mF 1-score of the Utilise model is 2.7% higher compared
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to the one achieved by model V -FEhyb. This improvement is mainly caused by the F 1-score of

the class Impervious surface, which reaches 44.4%, a value that is 14% higher than the F 1-score

of the proposed model. For most other classes, the performance is on a similar level, with better

results for the Utilise for Agriculture (+3.3%), Vegetation (+0.2%) and Wetland (+1%), compared

to variant V -FEhyb. For the class Water the proposed variant V -FEhyb performs 2.3% better in

terms of the F 1-score.

The F 1-scores on the validation dataset are also interesting. The mF 1-score is 45.1% for variant

V -FEhyb and only 41.3% for the Utilise model, which is a decrease of 3.9% for Utilise compared to

V -FEhyb. The mF 1-score achieved on the validation dataset for Utilise is, therefore, 5% worse than

its mF 1-score on the test dataset. No such difference occurs for the experiments with the proposed

model V -FEhyb, for which the mF 1-scores between the validation and test dataset differ only of

about 1%. These results indicate some domain shift between the validation and test datasets, which

is reasonable as this dataset covers different areas distributed over the whole Earth. Furthermore,

the Utilise model seems to generalise better to the test data, while model V -FEhyb performs better

on the validation dataset.

Comparison to (Toker et al., 2022): The mIoU as well as the individual IoU scores for the

U-Net baseline from Toker et al. (2022) are compared to the proposed method V -FEhyb in table

6.24. Note that U-Net is used in this section as a name for the specific model used in Toker et al.

(2022). Furthermore, the shown scores for V -FEhyb differ from all previous accuracy metrics, as

the predictions from all timesteps are combined to a mono-temporal output score. Furthermore,

the individual IoU scores are those from the validation dataset, as only these values are published

in (Toker et al., 2022). Note that the comparison of the validation data is not independent of

the training, as the validation data was used to select the hyperparameters and to terminate the

training process based on the early stopping criteria.

T D
te T D

val

Variant mIoU mIoU Imp Agr Veg Wet Sol Wat

V -FEhyb 39.0 ± 0.9 39.7 ± 1.3 25.0 ± 0.2 24.2 ± 9.5 81.1 ± 1.7 0.1 ± 0.2 39.7 ± 0.7 67.8 ± 3.5

U-Net 37.6 33.5 28.6 6.9 76.4 0.0 38.4 50.5

Table 6.24: mIoU and class specific IoU scores in % on T D
te and T D

val for the comparison between the proposed

method V -FEhyb and the U-Net baseline from Toker et al. (2022).

The mIoU scores reported for the proposed method are better than those from the U-Net on the

test and validation datasets by 1.4% and 6.2%, respectively. As Toker et al. (2022) do not publish

standard deviations of their quality metrics, it cannot be stated explicitly whether any of these

differences are statistically significant. However, the improvement of 6.2% is much higher than

the standard deviations of the proposed model V -FEhyb, which indicates that this difference can

be significant. The individual IoU scores on the validation dataset show clear improvements for

model V -FEhyb. For instance, for the class Agriculture, an IoU score of 24% is achieved, which is

17% higher than the one for the U-Net model. A similar behaviour is observed for the class Water,

for which the scores improve by 17%. Smaller improvements are achieved for Forest & vegetation

(+5%) and Soil (+1.3%), while the class Wetland is not differentiated correctly by any of the
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models. The only class for which the U-Net achieves better results than V -FEhyb is Impervious

surface, with an IoU score that is 3.6% larger than the one achieved by V -FEhyb.

To summarise, the proposed method outperforms the U-Net baseline used in Toker et al. (2022),

while the improvement on the test dataset is only slightly higher than the standard deviation of

the mIoU -scores of model V -FEhyb. It has to be mentioned that the comparison might include

some more small differences in the training and evaluation processes, as discussed in section 5.2.6.

Nevertheless, these results are in line with the observations made in the comparison to the multi-

temporal FCN that was conducted earlier in this section.

6.5.3 Discussion

The multi-temporal FCN (Voelsen et al., 2023), the Utilise model (Stucker et al., 2023) and the

U-Net used in (Toker et al., 2022), were employed for a comparison of their performance to the one

of the proposed model V -FEhyb. In addition to the results reported in this section, table 6.25 gives

an overview of the inference times and numbers of model parameters for the compared models.

With the achieved results, the last research question, stated in chapter 1 can be answered:

6. How do the results obtained with the proposed model compare to approaches from literature,

specifically those using a multi-temporal FCN (Voelsen et al., 2023), the Utilise model (Stucker et

al., 2023) and U-Net (Toker et al., 2022)?

Over all conducted experiments, the FCN variants achieve the worst results. This includes the

multi-temporal FCN of Voelsen et al. (2023) trained on the Lower Saxony and Dynamic Earth

datasets, as well as the U-Net model used in Toker et al. (2022). Additionally, the achieved

standard deviations are higher for the FCN , indicating more unstable results with this method.

Not all the differences between the convolutional models and the proposed method of this thesis

are significant, indicating that a purely convolutional model is able to extract meaningful temporal

information from the input timeseries to some extent. The comparison to the U-Net model, which

predicts mono-temporal output maps, shows significantly worse results for the U-Net model, but

the training and data generation processes differ in some details between the one of the U-Net and

V -FEhyb. The main advantage of the FCN baseline is the fast inference and training time, as

shown in table 6.25. Whereas the number of parameters is in a comparable range to the one of the

V -FEhyb model on the Dynamic Earth dataset, the inference times are lower by a factor of four on

the Dynamic Earth dataset. For the Lower Saxony dataset, a model with less stages is used, as a

smaller receptive field is suitable for that dataset. This is also the reason why the inference time is

reduced by an even larger factor of seven for the FCN trained with the Lower Saxony dataset in

comparison to the proposed method and an even larger factor in comparison to the Utilise model.

To conclude and to answer the first part of research question 6, the proposed model outperforms

all tested multi-temporal fully convolutional models on all datasets, including the multi-temporal

FNC from Voelsen et al. (2023) and the U-Net used in Toker et al. (2022).

The Utilise model achieves a similar performance as the proposed model. While the results

are slightly worse on the Lower Saxony dataset for Utilise, the results obtained on the Dynamic
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Earth dataset are better. The lower performance of the Utilise model on the validation dataset is

interesting, indicating that the model has a good generalisation performance, because the mean test

accuracy is significant better than that on the validation dataset. Comparing the inference times

and the number of parameters, shown in table 6.25, the Utilise model has very few parameters but

requires a longer time for inference compared to V -FEhyb. To answer the second part of research

question 6, the proposed model achieves similar performance in comparison to the Utilise model

from Stucker et al. (2023), as the achieved performance of the proposed model is better on one

of the used datasets and worse on the second dataset. The results also show that models with a

smaller number of parameters do not necessarily lead to faster inference times (cf. table 6.25).

Variant
T L
te T D

te

ti #p ti #p

V -FEhyb 0.042 26.2 0.044 39.4

FCN 0.006 9.5 0.01 33.0

Utilise 0.066 0.9 0.066 0.9

Table 6.25: Overview of inference times ti [ms] and number of parameters #p [mio,] for the different baseline

models in comparison to the model proposed in this thesis. The inference times are averages

over all inference times for all input timeseries of the test dataset during evaluation on the same

graphic card (Nvidia GeForce RTX 3090).
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7.1 Conclusion

In this thesis, the task of multi-temporal land cover classification was addressed by proposing

a new method to predict multi-temporal LC maps from SITS. The new model is based on a

hybrid approach, combining self-attention and convolutions to extract meaningful features with

suitable methods from input data. The generated output are multi-temporal LC maps, showing

the land cover of the individual timesteps for every pixel in the input images. To capture spatial

and temporal dependencies with suitable approaches, a new hybrid feature extraction module was

introduced. This module uses convolutional layers in one of its two streams to capture spatial

context for each input timestep in parallel. In the second stream, self-attention layers are used

to capture temporal dependencies over all timesteps in the input images. This is done separately

for each temporal sequence of patches. To further improve the classification performance, a new

patch generation module based on 3D convolutions was proposed. This module extracts spatial and

temporal context at the original spatial resolution of the input images, instead of merging them

directly like in the standard patch generation module of the Swin Transformer. Furthermore, a

temporal weighting module is used within the skip connections of the proposed model. This module

was adapted from (Stucker et al., 2023), who use such a module only in the bottleneck layer of

their model.

The new method was evaluated by conducting several sets of experiments on three datasets

for multi-temporal LC classification. First, the general classification performance of the proposed

model and its ability to correctly predict LC changes over time was analysed. The results allow

to answer the first research question. In this context, the following statements can be made: The

results of the proposed method have shown good classification performance, i.e. F 1-scores above

75%, for several LC classes for which a high number of training samples is available or for classes

whose appearance in the satellite images is clearly distinguishable from others. Difficulties arise

for classes with few training samples or classes with a similar appearance, the latter leading to

several misclassifications between the similar classes. The prediction of LC changes is possible due

to the generation of multi-temporal output maps, but many false positives decrease the IoU score

for binary change.

In the following experiments, it could be shown that the proposed model achieves better per-

formance than a model that is purely based on self-attention in the spatial and temporal streams.

The results show that the usage of convolutions is better suited for capturing spatial context for

the task of LC classification. The evaluation additionally included a third variant that computes

joint spatio-temporal features by using self-attention, but this variant also achieved worse results
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than the proposed model. These results are related to research question 2 as they show that the

hybrid feature extraction in the proposed model leads to better results than modules that solely

rely on self-attention. Besides, the computational costs are significantly reduced by factors between

1.6 and 3 by separating the computations in a temporal and a spatial stream.

The evaluation of the experiments regarding the new patch generation module shows that it

performs equally well or better than the standard patch generation or a patch generation based on

2D convolutions. The analysis of the qualitative results further underlines its superior performance.

For instance, on the Lower Saxony dataset, fewer streets are interrupted by gaps, and on the

Dynamic Earth dataset, the prediction of river and settlement areas is more precise than for the

other variants. To conclude, and to answer the third research question, the new 3D patch generation

module could not significantly improve the results in comparison to the standard patch generation

or the 2D patch generation. However, for all tested scenarios, the 3D patch generation achieves

similar or better results than the compared variants. By using the new patch generation module,

the model is able to extract spatial and temporal features at finer spatial resolutions compared to

models employing the standard patch generation, where features are first extracted at a resolution of

(H/P,W/P ). To incorporate this information into the later layers of the model, an additional skip

connection has been introduced. This modification was made to analyse whether the integration

of these features can further improve the model’s performance, addressing the fourth research

question. The conducted experiments show that using the additional skip connection resulted in

no significant improvement of the results, since the achieved accuracies were comparable to those

obtained by the proposed method without the skip connection. However, due to computational

limitations, the skip connections could only be integrated at a resolution of (H/2,W/2), and the

accuracy might improve if another skip connection at the original spatial resolution (H,W ) is

integrated. The analysis of the patch generation included the investigation of the usage of patches

in general. For this purpose, another variant without any patch generation was used. Instead, the

image pixels are directly used as inputs, which corresponds to using a patch size of one. Whereas

only the obtained accuracy scores on the Dynamic Earth dataset show a slight improvement, the

qualitative results on both datasets show good classification results. For instance, finer details,

such as outlines of object borders, were better preserved and are therefore closer in similarity to

the way in which they appear in the corresponding label maps. Even more minute details like

vegetation between individual streets were predicted correctly. It should be noted that the spatial

size of the input had to be reduced by a factor of four in height and width to be able to train the

model without the PG module. Therefore, the receptive field of this model in corresponding stages

only covers an area which is sixteen times smaller than for the proposed model that uses PG with

a larger input size, which can negatively impact the extraction of spatial features and the model

performance.

The evaluation of the experiments with respect to the temporal weighting module used in all

skip connections of the new model shows a significant improvement for one of the used datasets,

whereas the classification performance on the other datasets stays at a similar level. The impact

on the computation time and number of parameters, however, is minor because the features from

the encoder need to be transformed to the feature dimension of the decoder regardless, and the

temporal weighting module only introduces another matrix multiplication into this process. For
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this reason, the new module is considered to be better compared to the standard strategy of fusing

all features from the encoder stage and mapping them to the decoder dimension, even if the impact

on the classification performance is only minor for some datasets. In conclusion, and with respect

to the fifth research question, the integration of the temporal weighting module can significantly

improve results, albeit for only one of the used datasets in this thesis.

To further analyse the proposed method, it was compared to two different models from litera-

ture that could easily be adapted to or were already introduced for the task of multi-temporal LC

classification. The corresponding set of experiments has shown that the proposed method performs

better than purely convolutional-based models. However, a FCN is also able to capture spatial

and temporal dependencies to some extent as for most conducted experiments, the performance of

the FCN did not decrease significantly in comparison to the other tested models. The proposed

method performs similarly well as the Utilise model, which also combines convolutional and self-

attention layers, but the inference times are 30% faster when using the new model. To summarise

these findings and to answer the sixth research question, the comparison to models from the lit-

erature showed that the proposed model outperforms purely convolutional-based approaches while

achieving similar results compared to another hybrid, i.e. the Utilise model.

Besides the answers to the stated research question, the experiments presented in this thesis

showed some more interesting details. One challenge is the classification of fine objects like single

buildings or narrow streets. An improvement in the qualitative results was achieved by removing

the patch generation module at the beginning of the model. This improvement comes at the

cost of drastically increasing the computation time. However, with more GPU resources, this

limitation can be overcome. Another topic, which was not the primary focus of this thesis, is

the detection of LC changes over time. Nevertheless, this topic is inherently integrated when

predicting multi-temporal LC maps, which can be used for follow-up applications such as the

update of topographic databases. Despite the low binary change detection score, which was mainly

caused by a large number of false positives for Change in the change maps created by comparing

two classification maps, the qualitative results also showed some promise. Good predictions were

particularly obtained for changes affecting the classes Settlement and Water. However, accurately

predicting the extent of changes or changes between classes with more similar appearances was

more challenging. Considering the fact that for follow-up tasks like map updating, some classes

(e.g. Settlement) are of higher importance than others, and that the exact spatial extent is often

refined by human supervision, the results show the promising potential of deriving change explicitly

from the model.

To conclude, the proposed contributions of this thesis made it possible to investigate the usage

of self-attention, convolution, and patch generation in detail for the task of multi-temporal LC

classification. With the obtained results, the research questions stated in chapter 1 were answered:

• First, the proposed method was analysed regarding its general classification performance

and with respect to the prediction of occurring LC changes over time, which is related to

research question 1. Strong classification performance is achieved for classes with many

training samples or clear visual distinctions, but difficulties arise for classes with few samples
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or similar appearances. The score for binary changes is low, mainly caused by many false

positives for changes, but larger regions of LC changes are already predicted correctly.

• The second research question is related to the proposed hybrid features extraction module.

The analysis of this module, which combines convolutions in the spatial dimensions with

self-attention in the temporal one, showed that it achieves better performance compared to

variants purely relying on self-attention.

• The experiments regarding the introduced 3D patch generation module that are related to

research questions 3 and 4 showed that the introduced 3D patch generation module could

slightly improve the performance compared to the standard patch generation from the Swin

Transformer and a patch generation based on 2D convolutions. The additional integration of

another skip connection, however, did not further improve the results.

• Research question 5 is related to the temporal weighting module that is used in the skip con-

nections of the proposed method. The integration of this module could significantly improve

the performance for one of the datasets, whereas the performance stayed similar on the other

datasets.

• In the last set of experiments, the proposed method was compared to other models from

literature. The new method outperforms other methods that are purely based on convolutions,

whereas it performs similarly well compared to another hybrid model, which answers research

question 6.

These findings show the potential of the proposed model for multi-temporal LC classification. In

particular, the usage of hybrid techniques that combine suitable methods for different characteris-

tics of the input data, which is done in the proposed model by combining the convolutional patch

generation with feature extraction modules that are based on self-attention and convolution, signif-

icantly improved the results. Possible next steps to further improve the classification performance,

e.g. by integrating changes explicitly into the model, are discussed in the following section.

7.2 Outlook

With the obtained results the research questions stated at the beginning of this thesis have been

answered. However, the analysis also showed that some open questions remain. In the following,

additional aspects that can be analysed in future work will be discussed.

Predicting land cover and land cover changes by a multi-task model: The new

method introduced in this thesis predicts one LC map for each timestep. However, the model

is not explicitly trained to identify changes over time. By modifying the model, for instance, by

adding a head to predict land cover changes over time, it is expected that the performance for the

task of LC classification improves correspondingly. An additional classification head could predict

a binary classification map, predicting pixel by pixel whether a change between the first and last

image of the timeseries occurred or not. A further extension could include predicting a binary

change map for every epoch within an input timeseries. To force the model to focus on classifying
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these changes in the training process, an additional loss term, e.g., the binary cross-entropy loss,

computed based on the predicted change maps in comparison to those from the training data, can

be added to the existing cross-entropy loss. The prerequisites for such a multi-modal model are

training labels for land cover and land cover class changes, which both need to be available for

multiple timesteps, such as in the case of the Dynamic Earth dataset (Toker et al., 2022). The

prediction of changes in combination with the LC class is especially useful for applications like

map updating, in which it is important to know the classes before and after a change. Challenges

during the training process of such a multi-task model can arise when land cover change is a rare

event , and land cover labels are available for the whole training region. Therefore, selection or

weighting strategies might be useful to select training samples that include changes more frequently

or give higher weights to those pixels assigned to change in the training data. Having an explicitly

integrated classification of changes in the model is expected to obtain an improved performance for

changes, which can then be used as a basis for updating topographic databases.

Integrating methods to mitigate the effect of label noise: For the training process of

larger DL models, such as the applied Transformer model, larger training datasets help to reduce

overfitting and improve the generalisation performance. However, large datasets with manual

annotations are often not available. The usage of automatically generated training labels, as in

the case of the Lower Saxony dataset that is used in this thesis usually results in a much larger

variety of training samples, but also in label noise. Developing strategies to mitigate the effect of

label noise is a separate research field (Song et al., 2023). Several methods can be integrated into

the supervised training process of DL models, for instance, by estimating confidence scores of each

label in the training dataset and using them to weight each sample differently (Song et al., 2023).

Alternatives are, for instance, the modification of the model’s architecture in a way that it is more

robust against label noise. This can be done by adding a noise adaptation layer on top of the

model, which is supposed to mimic the label transition for any pixels affected by label noise (Song

et al., 2023). The difficulty of this strategy is the accurate determination of the noise adaptation

layer, as it is usually difficult to differentiate between samples being hard to assign to one class and

samples having wrong labels. The adaptation layer has to be determined for every dataset with its

own specification again, making it difficult to estimate the potential of this method for the datasets

used in this thesis. However, integrating such an approach in the applied training process of this

thesis is expected to reduce the impact of the label noise in the case of the dataset of Lower Saxony.

However, it remains an open question which method is best for the task of LC classification.

Self-supervised training: Self-supervision is another strategy to pre-train a model on the data

that is used for downstream tasks. In this case, no labelled data is necessary, as a task is defined for

which the output of the network is generated from the input data itself. Common strategies include

masking parts of the input image in space or time and letting the model anticipate the missing

values. This strategy has the advantage that the data to be used for the following application

is already utilized in the pre-training step, and so no adjustments regarding the data type are

necessary afterwards. A review about self-supervised learning in remote sensing is given by Wang

et al. (2023). One approach that is closely related to the method in this thesis is the one proposed

by Yuan et al. (2022). The authors mask random patches in time in the self-supervised pre-training

stage. This strategy could be extended to masking random patches in space and time when SITS are
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used as input data. A similar strategy is followed by Cong et al. (2022), who pre-train a Transformer

model on SITS data by applying a self-supervised training approach that masks patches in space

and time.

Using Foundation models: Another strategy to improve the generalisation performance for

comparably small datasets is the usage of Foundation Models (FM). FMs are trained on large

amounts of unlabelled or weakly-labelled data using self-supervised or semi-supervised training

procedures for which commonly data from different modalities is integrated. The usage of such

large and diverse training data results in large models (up to billions of parameters). After a FM

is trained, it can be fine-tuned to various downstream tasks, e.g. by modifying and training the

last layers of the model (Jiao et al., 2023). Recently, FMs have also been introduced into the field

of remote sensing; Jiao et al. (2023) provide a survey about research in this field. There are also

FM trained on SITS as input data. For instance, An et al. (2024) train a Foundation model in a

self-supervised way through augmenting the input images and enhancing intra-instance similarity

by using cosine similarity in the loss function.

Extending the method to input time series with varying length: The input image

timeseries required for the method presented in this thesis is always based on a time period of a

year and includes one image for each month. This restricts the applicability of the method to SITS

data which also cover the required period. A strategy to overcome this limitation can be a model

that is trained on varying time periods, including different lengths and intervals of the used inputs.

Such a method could integrate all available images in a certain period or an automatic selection

process to choose several images within a period. Models that are based on self-attention, as used in

the temporal stream of the proposed model, can handle varying input length without modifications

and are, therefore, appropriate for this task. Probably, a well-designed temporal encoding is more

important in such a training scenario in which the temporal intervals might differ more than in

the image selection strategy that is used in this thesis. This could mean that the applied temporal

encoding, which is based on the DOY, has to be extended, e.g. by integrating the days since the last

used image (useful when multiple years are taken into account). Furthermore, the application of

larger models might enhance the ability to learn more complex and diverse temporal dependencies.

Usage of multi-modal data: For the applied task of LC classification, only the spectral infor-

mation of one satellite constellation is used to generate the input timeseries. However, approaches

that use multi-modal data commonly achieve improved classification performance due to the use

of additional input data. Additional data can include height information, images from different

optical sensors or additional information about the environment, e.g. about the cloud coverage or

other climate factors which might impact the appearance of the observed objects. In this regard,

it always depends on the application which additional data is useful. For the classification of LC,

information about the surface height could, for instance, help to improve the classification perfor-

mance for buildings in comparison to streets or other sealed areas with lower heights that can have

a similar appearance in the satellite imagery (Wittich and Rottensteiner, 2021). In the case of

cloud coverage, additional information from radar satellites can help to fill these data gaps in time.
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Another common approach is the combination of SITS, which usually have a medium spatial

resolution, e.g. 10m for Sentinel-2, but a high temporal resolution, with aerial imagery that

is usually mono-temporal but has a much higher spatial resolution (Heidarianbaei et al., 2024;

Bergamasco et al., 2023; Sandmann et al., 2022). A common strategy is the extraction of features

from both image data in two separate streams, resulting in output features that are combined for

the final classification afterwards (Heidarianbaei et al., 2024; Sandmann et al., 2022). This strategy

has the advantage that in the multi-temporal stream, suitable methods to extract temporal context

can be used, e.g. LSTM (Sandmann et al., 2022) or self-attention (Heidarianbaei et al., 2024), while

in the mono-temporal stream, spatial context can be captured, e.g. using convolutions (Sandmann

et al., 2022; Heidarianbaei et al., 2024). One dataset which provides such data is the French Land

cover from the Aerospace ImageRy (Flair) dataset (Garioud et al., 2023), consisting of multi-

temporal Sentinel-2 images covering one year in combination with mono-temporal aerial images

with a GSD of 20 cm and annotations for 13 LC classes. Such a dataset can be used to investigate

this aspect and analyse if the usage of aerial imagery can improve the performance of classification

tasks with SITS.

Integrating other Transformer-based approaches: The experiments conducted in this the-

sis are all based on the Swin Transformer, which achieves strong results for pixel-wise classification.

However, research in the field of Transformer models is developing fast, and several approaches

overcome some of the shortcomings of the Swin Transformer architecture. The main limitation of

the Swin model is the restricted receptive field in the early layers of the model caused by the window

partitioning. Several approaches integrate more global context again, for instance with a selection

stratefy that extends the computation of self-attention in local windows by additionally comput-

ing self-attention between random connections of the input features (Zaheer et al., 2020). Other

approaches fuse features from neighbouring patches to be able to capture dependencies between

these fused regions (Wang et al., 2021) or reduce the dimension of the input matrices to be able to

use a larger number of input patches (Zhang and Yan, 2023). On the other hand, computational

resources are continuously improving, making it possible to use an increasing number of features

as hardware advances.

Transition to other applications: The application in this thesis was achieving LC classi-

fication by utilizing SITS. However, the method is not restricted to this application and can be

transfered to other tasks for which pixel-wise predictions are required. The method can also easily

be adjusted to mono-temporal output predictions or regression tasks by modifying the last layer of

the model. In the field of remote sensing, possible applications are building detection, crop classi-

fication, deforestation mapping, and flood detection. However, for different tasks and datasets an

adjustment of the models’ receptive field might be necessary, especially when significantly different

GSDs are used. This could include more stages of the model or larger kernels when convolutional

layers are used to capture spatial context.

To conclude, there are several topics that can be the focus for future research which are relevant

for tasks like automatic map updating, urban planning or environmental analysis. Promising

aspects that have the potential to significantly improve results are the application of additional

data sources, e.g. aerial imagery, or the explicit integration of detecting land cover changes.
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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.



140 7 Conclusions and Outlook

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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2024. Erläuterungen zum Anwendungsschema Landbedeckung 1.4 Available online (accessed 11/04/2025):

https://www.adv-online.de/GeoInfoDok/Aktuelle-Anwendungsschemata/Landbedeckung-1.0.1/.

Arnab, A., Dehghani, M., Heigold, G., Sun, C., Lučić, M. and Schmid, C., 2021. Vivit: A video vision
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