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Abstract

The growing number of Earth-observing satellites has led to an unprecedented avail-
ability of satellite images in the recent decade. The high spectral, spatial, and temporal
resolutions of this data have enabled many applications in precision agriculture, in-
cluding crop monitoring, variable nutrient application, disease and pest management,
as well as yield prediction. However, effectively making use of the vast amount of
remote sensing data requires automatic, accurate, and scalable methods. Recent deep
learning methods are promising because of their strong performance and ability to
learn directly from the raw data. However, the data-hungry nature of deep neural
networks requires large quantities of labeled training data in order to obtain accurate
results. This is particularly a challenge in remote sensing, as obtaining labels for
satellite images typically requires expert knowledge or in-situ data collection.

In this thesis, we describe several deep learning methods for remote sensing that
are particularly label-efficient. We first present a deep learning method that learns to
detect clouds in satellite images with only image-level labels as supervision, which
are significantly cheaper to obtain than the typical pixel-level labels. With reduced
label costs, deep learning methods become more practical for cloud detection, which
is a key preprocessing step for most use of satellite images in precision agriculture.
Secondly, we present a method to transfer deep crop type classification models
from a region where training labels are available to another where they are not. We
introduce a technique to estimate the temporal shift of crop growth between two
regions, enabling models to generate accurate pseudo-labels for an unlabeled region.
These pseudo-labels are then used as supervision to re-train models for classification
in new regions. Lastly, we propose an improved representation of time for crop
classification models. Our method is based on accumulated temperatures instead
calendar days to better capture the climatic variation affecting crop growth, which
enables models to generalize across large geographical areas. We demonstrate that our
solutions enable large-scale prediction of crop types in Europe, providing essential
information for, e.g., crop monitoring and yield prediction. While our focus is on
agricultural applications, our large-scale and label-efficient contributions also hold
promise for a variety of other remote sensing tasks ranging from environmental
monitoring and climate studies to general classification of satellite image time series.






Resumeé

Det voksende antal jordobservations-satellitter har fart til en hidtil uset tilgeengelighed
af satellitbilleder i det seneste arti. De hgje spektrale, spatiale, og temporale oplgs-
ninger af disse data har muliggjort mange anvendelser indenfor preecisionslandbrug,
herunder afgredeovervagning, gradueret tildeling af naringsstoffer, sygdoms- og
skadedyrshandtering samt udbytteforudsigelse. Effektiv brug af den enorme mangde
af remote sensing data kraever dog automatiske, ngjagtige og skalerbare metoder. De
seneste deep learning-metoder er lovende pé grund af deres steerke ydeevne og evne til
at lzere direkte fra de ra data. Men den datahungrende natur af dybe neurale netveerk
kraever dog store mangder annoterede treeningsdata for at opna ngjagtige resultater.
Dette er iseer en udfordring indenfor remote sensing, da det typisk kraever ekspertviden
eller in situ dataindsamling at fa annotering til satellitbilleder.

| denne afhandling beskriver vi flere deep learning-metoder til remote sensing,
som er seerligt annoteringseffektive. Vi prasenterer farst en deep learning-metode, der
leerer at detektere skyer i satellitbilleder med kun annoteringer pa billedniveau som
vejledning, hvilke er vaesentligt billigere at anskaffe end de typiske annoteringer pa
pixelniveau. Med reducerede annoteringsomkostninger bliver deep learning-metoder
mere praktiske til skydetektering, hvilket er et vigtigt forbehandlingstrin for de fleste
anvendelser af satellitbilleder inden for preecisionslandbrug. For det andet praesenterer
vi en metode til at overfgre dybe afgrade-klassificeringsmodeller fra en region, hvor
annoteringer er tilgaengelige, til en anden, hvor de ikke er. Vi introducerer en teknik
til at estimere det temporale skift af afgradeveekst mellem to regioner, hvilket gor det
muligt for modeller at generere ngjagtige pseudo-annoteringer for en ikke-annoteret
region. Disse pseudo-annoteringer bruges derefter som vejledning til at treene mod-
eller til klassificering i nye regioner. Til sidst foreslar vi en forbedret reprasentation
af tid for afgrade-klassificeringsmodeller. Vores metode er baseret pa akkumulerede
temperaturer i stedet for kalenderdage for bedre at fange den klimatiske variation,
der pavirker afgradeveekst, hvilket ger det muligt for modeller at generalisere pa
tveers af store geografiske omrader. Vi demonstrerer, at vores lgsninger muliggar
forudsigelse af afgradetyper i stor skala i Europa, hvilket giver essentiel information
til afgredeovervagning og forudsigelse af udbytte. Mens vores fokus er pa land-
brugsapplikationer, er vores storskala og annoteringseffektive bidrag ogsa lovende for
en raekke andre anvendelser inden for remote sensing, lige fra miljgovervagning og
klimaundersggelser til generel klassificering af tidsserier af satellitbilleder.
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Chapter 1

Introduction

In modern times, agriculture ful lls one of the most basic needs of humans: food.
The history of agriculture started some 100,000 years ago and has since enabled
the human population to grow many times larger than was possible by hunting and
gathering. New farming techniques have since helped agriculture keep up with the
pace of growing food demands, and have simultaneously left many humans free to do
other things than to sow elds and harvest crops, such as write computer software for
large tech companies or, alternatively, pursue PhDs in computer science.

However, the continuous population growth has put a signi cant strain on the
Earth's limited natural resources. To meet future food demands, the farming process
must be optimized to maximize crop yield while minimizing the environmental and
economic impact]83. The eld of precision agriculture aims to do just th& p5].
Precision agriculturell58 can broadly be de ned as the use of emerging technologies,
such as remote sensing, the internet of things, big data analysis, and machine learning,
to help farmers make informed decisions based on concrete data, rather than their
intuition. In particular, the use of satellite images for precision agriculture has rapidly
increased in recent yearsq5. The open availability of satellite images with high
spectral, spatial, and temporal resolutions has enabled many applications for precision
agriculture, including crop monitoring[], determining soil propertie<ip], variable-
rate fertilizer application [83], and yield prediction [190].

In this thesis, we explore the use of deep learning models to analyze satellite
images for precision agriculture. Deep learning is a type of machine learning method
that in the recent decade has achieved impressive results in for example computer
vision (CV) and natural language processing (NLP) tagis%0, 86, 173. In machine
learning, we study algorithms that can acquire their own knowledge about a given task
by extracting patterns from raw data, a capability that is knowea@asing[57]. This
is typically done by discovering a function that maps a representation of data to some
desired output. The performance of machine learning methods depends heavily on the
representation of the data they are given. For this reason, most traditional machine
learning methods rely on hand-designing the right set of features for a given task.

Deep learning methods differ from traditional machine learning methods in that

3



4 CHAPTER 1. INTRODUCTION

they learn not only the mapping from representation to output but also the representa-
tion itself. Deep learning solves this by using complex models consisting of multiple
neural network layers to progressively extract higher-level features from the input.
Learning representations means that deep learning methods can operate directly on
raw data, removing the need for manual feature design which enables these methods
to easily adapt to new tasks. In addition, these learned representations often perform
better than hand-designed features [51].

However, a major drawback of deep learning is that large amounts of labeled
data must be available for training [162]. This is a central issue when applying these
methods to remote sensing data, where unlabeled data is plentiful but collecting high-
quality labels is much more challenging4, 139 177]. For example, the Sentinel-2
satellites generate about 1.6 terabytes of compressed raw image data ev@yj.day [
But acquiring corresponding labels typically requires experts to manually interpret
the images or to physically travel to different areas of the Earth,eagpdsurvey
cultivated crops, which is expensive and not always feasible. Even if extensive efforts
are made into gathering high-quality labels, the physical constraint of data collection
often results in labels that are localized to speci ¢ regions of the Earth. This creates
another issue in that training datasets are often not representative of the geographical
regions where the deep learning model must be deployed, which causes the model
to fail [100, 168. Consequently, it is important to develop deep learning models for
remote sensing which have low labeling costs and which can effectively generalize to
new regions after training with few geographically localized labels.

In this thesis, we address these challenges with three machine learning approaches:

1. Weakly-supervised learningdiow can we create models that can be trained
with cheap, low-quality labels but can output high-quality predictions?

2. Unsupervised domain adaptatioHow can we adapt models trained with data
from regions with available labels using unlabeled data from new regions?

3. Domain generalizationHow can models trained with localized labels general-
ize to new regions?

Concretely, we consider two tasks in precision agriculture where these issues are
particularly prevalentcloud detectiorandcrop type classi cation

Cloud detection is an essential preprocessing step to detect and mask cloud
noise before the satellite images can be used for further analysig iprecision
agriculture. While deep learning can detect clouds with greater accuracy than other
approaches], labels are again a signi cant bottleneck. Obtaining cloud labels
requires experts to manually label every pixel of high-resolution satellite images in a
large dataset covering different types of clouds and surfaces of the Earth. Moreover,
even if labels are obtained, they are speci c to only one satellite sensor, meaning
this tedious and time-consuming task must be repeated for any future satellites. As a
result, weakly-supervised learning is particularly valuable for cloud detection: if we
can train accurate deep cloud detection models using cheap, low-quality labels that



are easy to acquire, we can bene t from the accuracy of deep learning models without
the burden of expensive labels. This leads to our rst research questions:

RQ1: How can we train deep cloud detection models with only weak supervision?

In Chapter 5, we preserfiixed-Point GAN for Cloud Detectiora weakly-
supervised learning method for cloud detection where, instead of requiring labels for
every pixel, we only need a label of whether the satellite image contains clouds or not,
while still obtaining accurate results at the pixel-level. Our method thus drastically
reduces the effort required to obtain cloud labels, as it is much easier to tell if an
image is cloudy or not than the exact pixels.

The second task we consider is crop type classi cation, which is the problem
of identifying agricultural parcels and their cultivated crop types in satellite images.
Current deep crop classi cation models use satellite image time series (SITS) to
classify crop types based on their unique temporal growth patterns. In particular, crop
type maps over wide geographical areas have numerous applications of major nancial
and environmental importance. For example, knowledge of the cultivated crop types of
parcels in Europe is necessary for fair allocation of subsidies to farmers, an endowment
of 50 billion euros per year in the European Uni@i][ Crop type maps can also
help ensure that sustainable crop rotation practices are respé&ztgcfnd aid in
production forecastsl[rg. While large amounts of crop type labels are available for
training, such as in some European countries with open data policl&s the labels
are highly localized, which limits the effectiveness of current classi ers on a large
scale [80, 100, 168].

We approach this problem with unsupervised domain adaptation, where we adapt
a model trained with data from a source region to a different target region using
unlabeled target data. This gives rise to our second research question:

RQ2: How can we adapt a trained deep crop classi cation model to new regions by
utilizing unlabeled data?

In Chapter 6, we preseflimeMatch where a crop classi er trained with data
from a source region is adapted to a target region by estimatinigngoral shift
between the two regions. This temporal shift is then used to assign pseudo-labels to
unlabeled data from the target region and re-train the model. We demonstrate that our
approach outperforms existing UDA methods when applied to SITS, which highlights
the importance of addressing temporal shifts in the data.

Another approach to large-scale crop classi cation is domain generalization. The
goal of domain generalization is to train a model using data from regions where labels
are available that generalize well to regions not seen during training. In comparison to
unsupervised domain adaptation, domain generalization does not require any training
for the unseen regions, which makes such an approach more practical for large-scale
crop classi cation. Thus, our third research question is:
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RQ3: How can we train deep crop classi cation models that generalize to new
regions?

In Chapter 7, we preseithermal Positional Encodingvhere we learn crop clas-
si cation models usinghermal timeg[ 105 to address the problem of temporal shifts
discovered in Chapter 6, and thereby improve the generalization. We demonstrate that
our approach greatly improves the generalization of crop classi ers on a Europe-wide
dataset, thereby enabling practical large-scale crop classi cation.

1.1 Thesis Outline

This thesis is structured into two parts: Part | provides an overview of the research

eld and an introduction to the papers of this thesis, and Part Il contains the full
papers.

Part | consists of Chapters 1 to 4. This chapter (Chapter 1) introduces the topic
and describes the research questions addressed in the papers. Chapter 2 provides
an introduction to satellite images and deep learning, discusses the properties of the
data, and provides an overview of the cloud detection pre-processing step. Chapter 3
provides an introduction to large-scale crop classi cation. We describe current deep
learning models, discuss how they address the challenges of the task, and end with
a discussion of open questions. Finally, Chapter 4 contains an introduction to the
contributions of the papers, including a summary of the results and an assessment of
the applied methodologies, and presents directions for future work.

Part Il contains publications and manuscripts. Only editing related to formatting
has been made to the papers. | was the main contributor to all papers included. In
particular, we include the following:

¢ Chapter 5:Joachim Nyborgand Ira Assent (2021). Weakly-Supervised Cloud
Detection with Fixed-Point GANs. IRroceedings of the 2021 IEEE Inter-
national Conference on Big Data (BigData) Workshops (Machine Learning
for Big Data Analytics in Remote Sensif@l5. https://arxiv.org/abs/
2111.11879.

» Chapter 6:Joachim Nyborg, Charlotte Pelletier, Sébastien Lefévre, and Ira
Assent (2022). TimeMatch: Unsupervised Cross-Region Adaptation by Tem-
poral Shift Estimation. Revised manuscript submitted tol8feRS Journal
of Photogrammetry and Remote Sendihtd. https://arxiv.org/abs/
2111.02682.

¢ Chapter 7:Joachim Nyborg, Charlotte Pelletier, and Ira Assent (2022). Gen-
eralized Classi cation of Satellite Image Time Series with Thermal Posi-
tional Encoding. Submitted to th2022 IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition (CVPR) Workshops (EarthVi$ikdyj.
https://arxiv.org/abs/2203.09175
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Other works not included in this thesis:

» Joachim Nyborgand Ira Assent (2019). Agricultural Land Cover Classi cation
with Deep Learning. Presentediordic Remote Sensing Conference (NoRSC
'19).

» Emy AlerskansJoachim Nyborg, Morten Birk, and Eigil Kaas (2021). Pre-
diction of near-surface temperatures using a non-linear machine learning post-
processing model (2021). Presente@&@&U General Assembly Conference

» Emy Alerskans,Joachim Nyborg, Morten Birk, and Eigil Kaas (2021). A
Transformer Neural Network for Predicting Near-Surface Temperature. In
review for Meteorological Applications






Chapter 2

Satellite Image Analysis for
Precision Agriculture

In this thesis, we consider the use of remote sensing data to address tasks in precision
agriculture. In particular, we focus aptical satellite images, that is, satellites that
measure the re ectance of light from the Earth's surface, in contrastgaadar
sensors. In this chapter, we present an introduction to the properties of this type
of data and why it is useful in precision agriculture. Then, we give an overview of
deep learning and the main challenges with applying existing deep learning models to
automate satellite image analysis. Finally, we discuss the application of deep learning
for cloud detection to pre-process satellite images.

Figure 2.1: Satellite images enable agricultural mapping across the entire Earth.
Credit: NASA.
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2.1 Optical Satellite Image Data

The image quality of optical satellite images has greatly improved since the rstimage
was taken of the Earth in the late 1950s by the Explorer 6 satellite. The improvements
in image quality have enabled a broad range of applications, and thanks to the open
data policy of many satellite programs, such as Land@jtgnd Sentinel29], the

data is now also available free of charge.

Satellites typically differ based on the spatial, spectral, and temporal resolutions
they offer. The spatial resolution is de ned as the surface area a single pixel represents.
For example, the Landsat-8 and Sentinel-2 satellites, both of which we consider in
this thesis, have a relatively coarse spatial resolutidd0of and10m, respectively,
compared t@.g the2m resolution offered by Planet23. In precision agriculture, a
high resolution is not always a requirement, as it also means more data to process. A
high spectral resolution, however, is kehbp. Compared to regular camera images
with three spectral bands (red, green, and blue), satellite images typically provide
information beyond the visible spectrumaeng the near- and short-wave infrared.
Near-infrared light is particularly important when studying vegetation. Our eyes see
plant leaves as green because the wavelengths in the green region of the spectrum
are re ected by plants, while red and blue are absorbed. What we do not see is
that near-infrared is re ected even more, and how much is re ected depends on how
“healthy” the plant is. If the plant is unhealthy, it instead re ects less near-infrared and
more red light, as sick plants typically turn into a brown color.

Because the red and near-infrared bands of satellite images relate to photosynthetic
activity, they are highly relevant to analyzing crops in precision agriculture. Thus, a
common feature to extract is a ratio between these two bands, also referred to as the
normalized difference vegetation index (NDVI) [167]:

NIR Red
NDVI= NIR+ Red (2.1)
whereRedandNIR are the spectral bands of a satellite image for red and near-infrared,
respectively. In precision agriculture, NDVI has been widely useé.gocontrol
variable-rate irrigation and fertilizer systemif. In addition to near-infrared, bands
in the short-wave infrared region are also highly relevant, as they are connected to the
water content in plants and the soil [149].

A high spectral resolution becomes particularly useful for agriculture when com-
bined with a high temporal resolution. The temporal resolution is how frequently a
new satellite image is acquired of the same area. For example, the Sentinel-2 program
consists of two satellites in the same orbit but phased 180 degrees from each other,
which enables a surface area to be revisited every 5 days, and sometimes more often
when the images overlap. Combining such satellite images of the same area over time
with satellite image time serigSITS) makes it possible to study the development of
crops over time. This enables the remote sensing study ofgdrepologywhich is
the various biological life cycles that characterize each crop type. Computing NDVI
from SITS is a way to reveal crop phenologies, as shown in Figure 2.2 for the crop
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Figure 2.2: Example temporal NDVI pro les of different crop types in Kansas, USA,
showing their unique phenology. Image is taken from [103].

types alfalfa, corn, sorghum, soybean, and winter wheat. The gure shows that each
crop type has a unique and well-de ned pro le, as a result of the timing differences

of green-up, peak greenness, and senescence. A clear temporal shift separates the
peak NDVI of summer crops (corn, sorghum, soybeans) and that of winter crops
(alfalfa and winter wheat) in the spring period when the summer crops are yet to be
planted. We can also see that winter wheat is the rst to be harvested (the NDVI
drops), while alfalfa continues to experience “grow and cut” cycles. From this, it

is clear that for crop classi cation from satellite images, we need to understand the
unigue spectral-temporal pro les of each crop type and the timing differences between
them. We discuss the crop classi cation task further in Chapter 3.

2.2 Automatic Satellite Image Analysis

While it is possible to manually interpret satellite images, such as by NDVI, ef ciently
making use of the vast amount of satellite image data available requires automatic
data analysis methods. For this, traditional machine learning methods have been
widely applied. Common methods are based on random forégtafd support
vector machines48]. These methods typically require the extraction of hand-crafted
features. For tasks related to precision agriculture, these features include vegetation
indices €.g NDVI) [1, 33, 174, 195, phenological featurebp, 77], or additional
meteorological date33]. Although these methods use features that are understandable
and robust, the choice of features requires task- or region-speci ¢ expert knowledge
which limits scalability. In comparison, recent deep learning methods are scalable and
often more accurate due to their ability to learn task-speci c features directly from
the raw satellite image data25, 138 142. Given the scalability and state-of-the-art
performance of deep learning at the time of writing this thesis, we focus on these
methods for satellite image analysis.
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Overview of Deep Learning

Recent deep learning methods for analyzing satellite images and time series thereof
build upon the impressive results of deep learning in computer vision (CV) and natural
language processing (NLP).

Following the highly in uential AlexNet B6] with groundbreaking results on
the ImageNet dataseRf], “deep” neural networks, that is, networks with many
neural network layers, have revolutionized many computer vision tasks, including
image classi cation$9, 86, 164], object detection45, 46, 131], and semantic seg-
mentation §7, 134]. Deep learning models with many layers are computationally
expensive, and training is typically made feasible by parallelizing computation using
graphics processing units (GPUSs). In computer vision, convolutional neural networks
(CNNs) [89] are most commonly used, where learnable convolutional Iters slide
along the height and width of the input image to extract spatial-spectral features in
a translation equivariant fashion. Recent advances in this eld have been character-
ized by further increased model sizes, enabled by residual connections to stabilize
training with increased depttb§], or neural architecture search to nd ef cient
and large modelslp4. Another line of work is Generative Adversarial Networks
(GANSs) [50], which have shown an impressive ability to generate photo-realistic
images 78], transfer the style of one image to anoth&®7], and increasing the
resolution of imagesd0]. A typical GAN consists of two networks: generatorand
adiscriminator The generator learns to generate fake images, while the discriminator
learns to distinguish between real and fake images. By training these two networks
adversarially, where the two networks contest with each other in a minimax game, the
generated images become highly realistic.

Deep learning has also achieved impressive results in many NLP tasks. Compared
to CV, the text data of NLP is not spatial but sequential, and this line of work thus
focuses on the use of neural network units that process sequences. In NLP, these
sequences typically consist of word embedding¥d], obtained by mapping each
unique word to a vector representation. Recurrent neural networks (RNNs), such as
long short-term memory (LSTM)P] and gated recurrent units (GRU){], have
been widely usedl[8, 52, 163. Given an input sequence, RNNs output a sequence of
hidden stateh® as a function of the previous hidden sthte ? and the input for
positiont. The drawback of RNNs, however, is that this sequential computation limits
parallelization and also creates dif culties in modeling long-range time dependencies.
The latter is addressed to some degree by bidirectional RERsHut signi cant
bene ts were later achieved by the attention mechan@mahich enables models to
compute global dependencies between the inputs and outputs of RNNs. However, the
constraint of sequential computation remained. Recently, this problem is addressed
with the Transformer model[r3, where the recurrent units are completely replaced
by a particular attention mechanism called self-attention, where outputs are computed
by relating each element in the input sequence itself with all other elements. Self-
attention is fully parallelizable, which leads to signi cantly lower training times
compared to RNNs. The ef ciency of self-attention has enabled the training of huge
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Transformer models to obtain impressive language capabilities, such as the GPT-3
model [L1]. Recently, the self-attention mechanism has also been applied to obtain
image classi cation results similar to state-of-the-art convolutional netw@&s [
indicating that self-attention is not only bene cial for sequences but is a general
learning mechanism.

Differences to Remote Sensing Data

Next, we study how deep learning can be applied to remote sensing data. While
we also consider image data and sequences thereof, there are some key differences
between the typical data studied in CV and NLP and that in remote sensing which
limits the direct use of existing CV+NLP methods in precision agriculture.

For instance, the typical images of CV, such as natural images from Imagafjlet [
are hand-held, 3 band camera images (red, green, blue), and the typical objects in the
images are large and 3-dimensional. In comparison, Sentinel-2 images are 13 band
images, and the typical objecis.¢ agricultural elds) are small and 2-dimensional.
These differences mean that the best-performing models in CV may not necessarily
obtain high performance for remote sensing data. For example, it has been shown that
CNNs rely heavily on the texture of objec#] for image classi cation, such as the
fur texture of cats and dogs. However, this cannot be leverageddaslassi cation
of agricultural elds in Sentinel-2 images, as thém resolution is not high enough
to show any speci ¢ plant texture of crop$42. Another example is that occlusion
in natural images happens between objects, whereas in satellite images, occlusion
typically only happens between clouds and the objects on the sudaragricultural
elds). We leverage this in Chapter 5, where the occlusion difference between clear
and cloudy images is used to detect clouds with weak supervision.

Another comparison we make here is between the text sequences of NLP and
satellite image time series. However, a crucial difference is the importance of temporal
positions. In NLP, the position of a word in a sequence is mostly arbitrary, as words
are not more likely to appear at the beginning than the end of the text (to some degree).
In contrast, the time position of satellite images is crucial information. For example,
the position of an image in SITS refers to a speci ¢ instance in time, such as the spring
or the summer, and this information is required to model the timing of crop phenology.
We leverage this observation in the work we present in Chapter 6, where we use the
timing learned by models in one region to adapt the model to another. Furthermore, in
Chapter 7, we change the temporal reference from the commonly used calendar time
to thermal time, which better accounts for the climatic differences between regions, to
improve the generalization of crop classi ers.

Dealing with Clouds

Making use of the large body of remote sensing data requires the images to be pre-
processed to an analysis-ready state, and one of the key steps in that protmss is
detection More than half of the Earth's surface is covered by clouds every day on
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average 160, and without prior detection of clouds and their accompanying cloud
shadows, the availability of satellite images is greatly limited.

Traditionally, cloud detection has been tackled by threshold-based me&¥ds [
199, where handcrafted thresholds are set to satellite image pixels to separate cloudy
pixels from clear pixels. However, it is dif cult to scale such an approach to the
large variation in cloud types and land surfaces, and much work is required to tackle
the many edge cases. For example, with threshold-based methods, it is dif cult to
detect the semi-transparent cloud-type cirrus without the use of a specialized cirrus
band [L99. Another accuracy issue is often with surfaces of high re ectance values,
such as mountainous regions, where the use of the elevation maps is needed to
accurately detect cloud427] A challenge is also that threshold-based methods are
designed for a speci ¢ satellite only, which makes these methods dif cult to scale to
different satellites.

Recently, deep learning methods based on semantic segmentation have been
shown to outperform threshold-based methotk 94, 191. Moreover, as these
methods are learnable from data, they can easily be scaled to different satellites as
long as a labeled dataset is available to re-train the model for the new image properties.
However, if such a dataset is not readily available, manually annotating ground truth
for clouds is a highly laborious task. Each pixel of a large and varying satellite image
dataset must be manually interpreted as clouds or not, which is time-consuming and
can be dif cult when dealing with semi-transparent clouds.

In Chapter 5, we present a deep learning method for cloud detection which can
be trained with only image-level ground truth labels. That is, instead of labeling
every pixel of clouds, our method only requires information about whether the image
contains clouds or not, which is much easier to annotate. We demonstrate that our
method can predict pixel-level cloud labels with an accuracy similar to existing deep
learning methods trained with the expensive pixel-level ground truth, and outperforms
threshold-based methods designed for Landsat-8.

2.3 Conclusion

In this chapter, we introduce the satellite image data we consider in this thesis and
the properties needed for applications in precision agriculture. We describe methods
to automatically analyze satellite images. Deep learning methods are considered in
this thesis based on their impressive results for image analysis in computer vision and
temporal understanding in natural language processing. Additionally, we discuss the
main differences between the typical data considered in CV and NLP compared to
that in remote sensing which motivates specialized methods. Finally, we provide an
overview of cloud detection, a satellite image pre-processing step required for most
precision agriculture applications. In the next chapter, we discuss another task for
deep learning on satellite images, namalyp type classi cation



Chapter 3

Large-Scale Crop Classi cation

In this chapter, we introduce the problem of crop classi cation, which is the task
of assigning crop type labels to satellite images. This is one of the core problems
in remote sensing that has a large variety of applications—in particular, crop clas-
si cation over large geographical scales (national, continental, global) is extremely
valuable knowledge for many applications, including crop area estimétt@nyjield
prediction B, 35], and disaster risk assessmelhf]. We present here the different
kinds of deep learning models proposed in the literature, and discuss the current state
of research, in particular if large-scale crop classi cation is addressed.

3.1 The Crop Classi cation Problem

Classifying crop types from a single satellite image is not always possible as the
appearance of different crops can be very similar at a single time step. Instead, SITS
have been the primary data source for crop type classi cation for decadigslf37,

as temporal data reveals the unique phenology of different crop types (described in
Chapter 2).

Formally, we de ne crop classi cation as the problem of classifying a sequence of
satellite images; = ( xi(l); o ;x-(T)) of lengthT. The classi cation can be addressed
either parcel-wise or pixel-wise. We illustrate these two approaches in Figure 3.1.

In parcel-wise classi cation, only pixels from a homogeneous agricultural plot of
land, or aparcel, are input to the model. In this case, each imghit2 RT H W C
contains the pixels within the parcel bounding box of heighand widthw, which is
then mapped to a predictior2 RK to K crop classes. With this approach, the model
only has to classify pixels within parcels and does not have to deal with other types
of non-agricultural land such as cities or water. However, this approach requires the
polygon shapes that outline parcels to be available. While these are typically available
for European countries [147], they may not be for many other regions of the world.

In pixel-wise classi cation, polygon shapes are not required. With deep learning,
semantic segmentation is usually performed instead of classifying one pixel at a
time [41, 138 140, where a SITS patck® 2 RT H W Cs classi ed by predicting

15
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Figure 3.1: Crop classi cation of SITS with deep learning is either performed parcel-
wise, which requires knowledge of the parcel borders, or pixel-wise, which does not.
For the latter, we show here a semantic segmentation approach, where a satellite image
time series is mapped to a segmentation image containing pixel-wise predictions.

a segmentation map2 R W K containing predictions for every pixel. But as
these pixels can belong to any type of land, the model must be able to handle non-
agricultural pixels, such as cities, water, forett, This makes it more dif cult to

study the challenges that affect crop growth on a large scale. Therefore, we focus on
parcel-wise classi cation in our work presented in Chapter 6 and Chapter 7.

3.2 Challenges

As we describe in the next section, current deep learning methods are adept at classify-
ing crop types by recognizing their phenological patterns from SITS. However, there

are still some challenges that a deep learning model must address, in particular for
large-scale classi cation. We present here a (non-exhaustive) list of such challenges:

Cloud occlusions.The spectral values of crop development can be randomly
occluded by clouds or changed because of cloud shadows.

Class imbalance Farmers do not cultivate an equal amount of each crop type,
causing a signi cant imbalance in the frequency of different classes.

Irregular temporal sampling and length. Depending on the location, SITS
are observed a different number of times and intervals. This is a result of the
satellite's orbit and Itering observations with high cloud coverage.

Spectral variation. The spectral growth pro le of the same crop type can
be deformed or scaled depending on the local topography, soil, and farmer
practices.

Temporal shift variation. The growth season can be shifted earlier or later in
a year depending on the weather that year and the local climate.
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A good crop classi cation model should be invariant to these variations, and at the
same time retain sensitivity to the inter-class variation in phenology to separate the
classes. These challenges are even more important for large-scale classi cation since
these variations become even greatee.gt continental-scale compared to local
regions.

Next, we describe recent deep learning architectures used for crop classi cation in
the context of these challenges. Prior work has shown the importance of modeling the
temporal dimension when classifying crop typd§][ as this is how the phenological
characteristics are learned. Therefore, we categorize existing methods based on
the neural component used to model time—in particular, we consider recurrent,
convolutional, and self-attention methods.

3.3 Recurrent Methods

Similar to how RNNs have been widely used to model sequences in NLP and other
elds, they have also been the natural choice to model SITS for crop classi ca-
tion [65, 108 112, 137]. The work of RuBwurm and Kérngt37] uses long short-
term memory (LSTM) networksp)] for pixel-wise crop classi cation using SITS
over a year concatenated with the day of acquisition. The latter provides the model
with positional information to help account for the challenge of irregular temporal
sampling. Similarly, LSTMs have also been used for semantic segmentation by the
use of convolutional LSTM networks (ConvLSTM)3g, where the fully-connected
layers of the LSTM are replaced with convolutiod$§] to handle the spatial dimen-
sions. LSTMs are particularly well-suited to handling cloud occlusions, as shown
in [13§. By visualizing the internal cell activations of the LSTM, it was found that
certain gates are closed for cloudy pixels, indicating that the network implicitly learns
to ignore clouds. This property is highly valuable for deploying crop classi cation
models in real-world scenarios, as the preprocessing step of cloud detection can be
skipped. Moreover, instead of selectively choosing only cloud-free observations,
partially cloudy observations can be used, which increases the information available
to the model and potentially the accuracy. The work of Rustowicz §t40] later
improve the segmentation performance by combining the ConvLSTM with the U-Net
model [134], a popular segmentation model for computer vision.

While these recurrent methods generally achieve high crop classi cation accuracy,
the sequential nature of recurrent models limits their ef ciency. This is especially
an issue for large-scale crop classi cation, where the data to process might span
continents. For example, a year of Sentinel-2 data for Europe amounts to about 25TB
of images 147, and processing data of this volume with non-parallelizable models is
a signi cant performance bottleneck.
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3.4 Temporal Convolutional Methods

An alternative to recurrent methods is temporal convolutional methods, where convo-
lutions are applied along the temporal dimensib2q 193. Compared to recurrent
networks, convolutions along time can be computed in parallel, and are thus more
scaleable.

The use of temporal convolutions (TempCNN) is proposed by Pelletier[@®R4]
for pixel-wise classi cation. To account for irregular temporal sampling, the SITS are
interpolated to regular temporal intervals of 2 days. A notable nding of this work is
that the use of pooling layers common in computer vision, such as max pooling and
global average pooling, are not bene cial for SITS classi cation. In convolutional
networks for image classi cation, pooling layers are often used to extract features
that are invariant to scale and shifts, such that objects can be detected no matter their
location. But for SITS, this is not the case, as the temporal location of features is
crucial information that is lost with pooling. For example, winter and spring wheat,
which we want to distinguish, may have similar features but with a shift in time.
Our work presented in Chapter 6 and Chapter 7 exploits this property for domain
adaptation and generalization.

Another approach to temporal convolutions is 3D-convolutiai®s 140, where
convolutions handle the spatial and temporal dimensions simultaneously. Other work
nds that combinations of convolutions and recurrent layers can be bene cial [67].

While temporal convolutional methods have signi cantly lower processing times
than recurrent methods, it is more dif cult for convolutions to ignore cloudy obser-
vations [L36. Whereas recurrent methods have internal gates that can control the
in uence of particular time steps, convolutions will always extract features no matter
their relevance, making it more dif cult to ignore the irrelevant clouds of SITS.

3.5 Self-Attention Methods

Today, self-attention is the core of state-of-the-art NLP modelsZ7], building upon

the Transformer model by Vaswani et Hl73]. First proposed for SITS inlB6],
self-attention brings the best of both recurrent and convolutional networks—it enables
a model to select, or “attend” to, the most relevant time steps, thus being able to ignore
clouds while at the same time being fully parallelizable. Perhaps attention is all you
need. Based on these bene ts, we build upon self-attention methods in our work in
Chapter 6 and Chapter 7, and provide here the details of the inner workings of these
models, how they are applied to SITS, and their current limitations in terms of the
challenges outlined in Section 3.2.

Scaled Dot-Product Attention. The type of self-attention used in the original
Transformer modell[73, the scaled dot-product attention, works as follows. Given a
sequence input2 RT P whereT is the length and the feature dimension, three
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linear transformations of each sequence elemextire computed rst:
Q= xWq; K= xWg; V=xWy, (3.1)

whereQ is referred to as the querid§,the keys, an¥ the values. The projections are
learnable parameteWq 2 RP Pk;Wy 2 RP P:W,, 2 RP Pv. Next, anattention
matrix A2 RT T is computed by:

A= softmax QK~ ; (3.2)

where the softmax is applied row-wise such that each row sums to one. Thushthe
row of A contains the similarity (dot product) of the qued{’ of time step and all

indicates how “relevant” all other time steps are to a particular time step. Finally, the
output of the self-attention is computed by an attention weighted sum of the values,

H= AV (3.3)

where the resulH 2 RT P contains an output for each time step. As the primary
computations of self-attention are dot-products, it can be implemented using highly op-
timized matrix multiplication, resulting in signi cant speed-ups compared to recurrent
models. The main drawback of self-attention is its memory requirements: computing
A consume®(T?) memory, which is problematic for long input sequences.

Multi-Head Attention. Instead of only a single linear transformation of each input
element to compute the queries, keys, and valuesmilié-head attentiorof the
Transformer model][73 appliesh linear transformations with different parameters.
Then, Equatior{3.3)is computech times in parallel, and the nal results are concate-
nated. This allows each head to specialize and attend to information from different
representations at different positions. In addition, this further increases parallelization
and thus the ef ciency of self-attention.

Positional Encoding. Since all computations of self-attention are dot-products
between linear transformations of input elements, there is no notion of the order
of elements in the input sequence, meaning that a random sequence order would
give the same result as the original order. But for most sequences tasks, the order
matters—in NLP, for example, the sentence “the student nishes the PhD” does not
have the same meaning as “the PhD nishes the student”. To provide this information
to self-attentionpositional encodingare used, which map positions to unique vectors
that can then be added to the elements of the input sequence. The most common
positional encoding isinusoidal positional encodingd.73. For an input element®

at the positiort, it is computed by:

p® =[sin(wit); cowit)] 27 (3.4)

wherew; = ( 1=100002P are different sinusoidal wavelengths for each dimension.
Then, the input to self-attention is changed fr&no x+ p such that each element
contains order information.
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Crop Classi cation with Self-Attention.  The output of self-attention is a sequence
H 2 RT DPv, which is required for many NLP tasks such as translation, where both the
input and output are a sequence. However, the classi cation of SITS requires only a
single output and not a sequence. It turns out that most naive approaches to achieving
this is not well-suited for SITS classi cation. For example, we might simply choose
one of the vectors in the output sequence, such as the last one. However, the last
output of self-attention is computed from the similarity between the query of the last
element of the sequence and the keys of all others. But the last image of SITS might
not produce a meaningful query—for example, it could be occluded by clouds, or
acquired after the crop is harvested. To avoid this, we might instead use all output
vectors for classi cation, which can be done by attening the output matrix to a vector
H2R™ and classifying this combined vector using a linear layer. However, this
approach requires the temporal lengtto be xed and can thus not handle variable
length SITS.

Instead, the approach of RuBwurm and K6fd&6] is to choose the output vector
with maximum value. While this often chooses a more meaningful output, a drawback
of choosing a particular output vector in self-attention is that the computation of all
others becomes unnecessary. That is, we are spefqifi) compute and memory,
but onlyO(T) is required for the chosen output vector. But the maximum strategy
cannot avoid this problem, as all outputs are computed to choose the maximum.

Temporal Attention Encoder. The Temporal Attention Encoder (TAE), proposed
by Sainte Fare Garnot et §142], addresses this by de ning a singieaster query
a2 RPx computed as the temporal average of the quejies: & ,Q". Then,
attention is computed between the master query and thekkengsulting in a single
output vector instead of a sequence. Moreover, the attention computation 9Ny
and thus avoids unnecessary compute and memory.

To help account for the irregular temporal sampling of SITS, the day of the year for
observation is used instead of its index in the positional encoding of EqudB8cf)).
This provides explicit information to the model about the temporal location of the
satellite images, which was found to improve classi cation within the same region
seen during training. We discuss this choice further in the context of large-scale
classi cation in Chapter 7.

Lightweight Temporal Attention Encoder. A lightweight version of the TAE
(LTAE) was later proposed by Sainte Fare Garnot and Landiti¢l], bringing further
computational bene ts as well as accuracy improvements. Instead of computing the
master query from the temporal averd@@ewhich rst requires a linear transformation

of each input element, the master query is simply set as a learnable vector of parame-
tersq 2 RPx. This reduces computation and parameters, as the linear transformation to
obtainQ is removed. Furthermore, the sequence-to-vector process is now performed
with a vector that is independent of the input SITS instead of a particular time step or
the average time step. This reduces variance in the output representation when the
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input SITS is noisy due te.g clouds, which is likely bene cial for classi cation. The
LTAE is currently the state-of-the-art temporal neural component for crop classi ca-
tion and has improved results in both parcel-wise classi catigtiJand semantic
segmentation of crops [41].

Parcel-wise classi cation is performed in combination with the Pixel Set Encoder
(PSE) p472, i.e., with the PSE+LTAE model. As agricultural parcels are irregularly
sized, processing the spatial dimensions of such SITS with convolutions requires
interpolating all polygons to a xed-sized bounding box, which is both time and
memory-consuming. Instead, the PSE encodes a random sample of pixels within the
parcel polygon, allowing it to ef ciently handle irregularly sized parcels.

Semantic segmentation is performed in combination with U-N&¥], named the
U-TAE model |1], by applying the LTAE between the encoder and decoder of the
U-Net. The computed attention is subsequently applied across each skip-connection,
resulting in a highly ef cient segmentation model in memory and compute time.

Given the state of the art performance, computational ef ciency, and versatility
for different classi cation tasks, we focus on the LTAE model to address large-scale
crop classi cation.

3.6 Open Questions

In this section, we discuss which challenges outlined in Section 3.2 are addressed by
the LTAE, and which remain open questions.

Cloud occlusions. Similar to RNNs, the attention mechanism enables the LTAE
to ignore irrelevant time steps in its prediction, such as those occluded by clouds,
as observed in136. This brings great practical bene ts for crop classi cation, as
satellite data can be used directly for crop classi cation, removing the need for a
computationally heavy pre-processing pipeline including cloud detection.

Class imbalance. Imbalanced datasets are generally an issue in supervised classi -
cation with deep learning and not just crop classi cation. To generalize well, a large
amount of labeled training data is required, but in practice, some classes, such as crop
types, are often more frequent than others. In standard training regimes, such as the
one used to train LTAE, models tend to ignore infrequent classes and focus on the
dominant classes to achieve maximum accumulated performance across the training
dataset. In practical crop classi cation, however, rare classes are often as important as
frequent classes, if not more, so addressing class imbalance is essential.

The LTAE does not address this issue directly, but there exist standard strategies
to address the class imbalance. One approach is to reweigh the loss function, where
infrequent classes receive a higher weight. However, this tends to bias the model
towards the infrequent classes, causing more frequent errors in real-world scenarios
when the bias changes. Another option is to resample the training data, either by
downsampling frequent classes, or upsampling infrequent classes. Still, removing or
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repeating samples from a training dataset risks that information is lost or repeated
unnecessarily. A promising approach may be hierarchical classi ca88nlp9,

which naturally suits the hierarchical structure of crop classes. Here, a label hierarchy
is created where examples of rare classeg $trawberries, tomatoes, carrots) are also
represented at a coarser leveld fruits and vegetables). By training the model to
classify inputs at different levels, the model is guided to learn relevant features at the
coarse level, where more data is available, which is then re-used to boost classi cation
performance at the ne-grained level for rare classes.

Irregular temporal sampling and length. The design choices of the LTAE ensure
that there is no limitation on the temporal lengthallowing models to predict crop
types in SITS of any length. Moreover, incorporating acquisition dates through
positional encoding allows the model to account for irregular temporal gaps between
acquisitions.

Spectral variation. This is not explicitly handled by the LTAE. But given the ability

of deep learning models to solve many pattern recognition tasks, a possible approach
to address spectral variation might simply be to incorporate more data that captures a
larger degree of spectral signatures. If labels are not available for regions with speci c
topographies or soil conditions that change crop growth, addressing this challenge
remains an open question.

Temporal shift variation. The timings of crop growth in different regions are not
the same but can be shifted earlier or later depending on the local weather conditions.
The inputs to the LTAE are always sampled from the same temporal endpoints, for
example from January 1 to December 31 of a year. The temporal shift variation
between different regions means that the phenological development of crops can be
arbitrarily shifted forward or backward in time, and this is not handled by the LTAE.
We might attempt to address this problem by training on data containing a larger
degree of temporal shift variation to learn shift-invariant models. However, the
temporal location of crop growth is also an indicator of its class. For example, in
Denmark, winter barley is sown in September the year before and harvested in early
August, while spring barley is sown in March and harvested in late August. This means
that the crop classi cation task itself is variant to shifts, which a shift-invariant model
cannot capture. Solutions to this particular challenge are part of the contributions in
this thesis, as we describe further in the next chapter.

3.7 Conclusion

In this chapter, we present the crop classi cation task and the different types of
temporal neural networks for learning the task from satellite image time series. We
present several concrete challenges for large-scale crop classi cation and discuss
these challenges in the context of state-of-the-art models based on the self-attention
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mechanism. We note that while some challenges are addressed, such as clouds and
temporal irregularity, there remain open questions. In particular, current models are
not robust to temporal shift variation, which is crucial for large-scale classi cation.






Chapter 4

Contributions and Future Work

In this chapter, we describe our contributions to address the research questions in
Chapter 1 regarding cloud detection and crop classi cation. Our research provides
insight into some of the open questions we identi ed in previous chapters.

This chapter is divided into three sections, one for each of the three included
papers. Each section provides a description of the proposed methodology in the
papers, a summary of the main results, and concludes with an outline of promising
future work.

4.1 Weakly-Supervised Cloud Detection with Fixed-Point
GANSs

In Weakly-Supervised Cloud Detection with Fixed-Point GRS (referred to as
FCD), presented in Chapter 5, we address the rst research question: how can we
train deep cloud detection models with only weak supervision? Existing deep learning
models for cloud detection require pixel-level cloud labels for a large and diverse
dataset of satellite images, which are expensive and time-consuming to acquire. Even
though deep learning models can, in principle, learn cloud detection for any satellite
sensor, the requirement that pixel-level labels are available for each satellite greatly
limits the scalability of these methods.

In FCD, we address this by proposingvaakly-supervisedpproach. The typical
approach to training cloud detectors is to divide the satellite image into smaller patches
which can be input to deep learning models. For each typical input patch of size
256 256 existing methods thus requig®6 256= 65:536 pixel-level cloud labels
to train, which are generally hand-labeled. In contrast, our approach requires only
oneimage-level cloud label, thus signi cantly reducing the amount of manual work
required for labeling. We achieve this by learning Fixed-Point GAN models for image
translation between cleaid., no clouds) and cloudy satellite image patches, using
the image-level labels to divide the dataset. At inference time, we translate an input
image to clear, thus removing clouds, and predict accurate pixel-level cloud labels
from the difference between the input image and the translated image.

25
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Background

The problem of learning cloud detection with weak supervision is a weakly-supervised
semantic segmentation problem. To obtain pixel-level predictions from image-level
labels, a common method in CV is to use class activation maps (CAMs)1Y9 182

194, where rough segmentation predictions are obtained using feature maps from an
intermediate layer of a pre-trained convolutional image classi er. As CAMs typically
only highlight the most discriminative parts of objeotsq, the snout of a dog or the
beak of an eagle), recent methods propose different methods to “grow” the prediction
in order to segment the complete objezt§4]. This process assumes that objects are
non-transparent, which is generally true éog ImageNet 26]. However, for cloud
detection in satellite images, this assumption of existing CAM-based methods wiill
inevitably lead to problems with detecting semi-transparent clouds. In addition, as
CAMs are obtained by up-sampling low-resolution feature maps, they are not able to
detect small objects, which is required for accurate clouds detection.

Contributions

Instead of CAMSs, we consider an image translation approach with GAG/4p7] to

address weakly-supervised cloud detection. In particular, we learn image translation
between clear and cloudy satellite images, thus requiring only image-level labels for
training. To predict pixel-level cloud labels at inference time, we translate inputs
images to clear ones and compute a binary cloud mask by setting a threshold to
the difference between the original and the translated image. The image difference
computed this way essentially corresponds to an alpha map, and thus designates the
amount of transparency between the clouds and the generated surface. This enables
our approach to more naturally handle transparent clouds compared to CAMSs. In
addition, we operate on the original image resolution, which enables our approach to
detect small clouds.

However, the accuracy of the predicted cloud mask greatly depends on the GANs
ability to only affect pixels of clouds, and leave surface pixels unaffected. This is
not guaranteed with standard image translation methods, such as CycldGAN [
which essentially perform a “style transfer” between the two image domains, which
may introduce unexpected color shifts affecting the entire image. This shortcoming is
addressed in the Fixed-Point GAN by Rahman Siddiquee Et30] using an addi-
tional xed-point translation loss, which regularizes the model to change a minimal
subset of pixels during translation. Therefore, we use the Fixed-Point GAN to learn
image translation between clear and cloudy images as described above and address
weakly-supervised cloud detection.

In our results, we demonstrate that FCD outperforms CAMs in cloud detection on
the Landsat-8 Biome3d] dataset. But we also observe that the GAN-generated cloud
masks contain noisy artifacts. To overcome this limitation, we propose FCD+, where
we leverage the label-noise robustness of deep learning mdddst$ re ne the
generated cloud masks. We do so by training a U-N@d][for cloud detection using
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the images and FCD-generated cloud masks as pseudo-labels. We demonstrate that
FCD+ effectively removes the artifacts of FCD, further increasing accuracy. Finally,
we show that FCD+ can reach the performance of existing models, which are trained
with 100% of the available pixel-level labels, after ne-tuning FCD+ with just 1%

of the available pixel-level labels. Our proposed method thus enables label-ef cient
training of deep cloud detection methods with little to no loss in accuracy.

Future Work

With FCD, we learn cloud detection with only weak supervision while achieving
near fully-supervised performance. One limitation of FCD is that we focus on cloud
detection but ignore cloud shadows. In principle, FCD should be able to handle cloud
shadows in addition to clouds, as both always appear together in the cloudy images,
which the GAN should be able to capture. However, we were unable to handle this
as a dataset with accurate cloud shadow labels is not available to evaluate such an
approach.

A possible direction to further reduce labeling costs is to investigate whether the
image-level labels to train FCD can be generated automatically. For example, an
approach could be to use existing threshold-based methods, such as FMask [199], to
assign image-level labels.

We later learned of the similar work by Zou et #01], which also trains a
GAN to translate between clear and cloudy images. The problem is formulated as a
foreground/background separation problem, which enables the GAN to directly predict
the difference map, whereas we compute the difference in a separate step. However,
their approach only handles translation from cloudy images to clear ones, which
limits practicality as clear images must also be handled in real-world scenarios. In
comparison, our FCD handles both directions. An interesting direction might therefore
be to incorporate the foreground/background separation into the cycle consistency
loss of FCD.

Lastly, a concern is described in the work of Chu ef20], showing that image
translation GANs learn to “hide” information about the original image in the generated
image. The model uses this information to ensure the original image can be recovered,
in order to satisfy the cycle consistency loss. This phenomenon suggests that the
quality of the FCD-generated cloud masks could be improved by preventing the
network from hiding information in the generated images. A possible approach might
be to add an extra latent vector, in which the model can store this encoded information
instead of using the generated images.

4.2 TimeMatch: Unsupervised Cross-Region Adaptation by
Temporal Shift Estimation

In TimeMatch: Unsupervised Cross-Region Adaptation by Temporal Shift Estima-
tion [11§ (TimeMatch), presented in Chapter 6, we set out to address the second
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research question: how can we adapt crop classi cation models to new regions by
utilizing unlabeled data? We answer this question by providing a solution to one of
the open questions for large-scale crop classi cation described in Section 3.2, namely
the challenge of temporal shifts between regions in growth patterns.

Background

As mentioned in the previous chapter, there is a large body of work that propose
different neural architectures for crop classi cation. However, despite the importance
of crop classi cation on a large geographical scale, existing work only reports classi -
cation results from the same regions in which the model is traib@@ 38 140, 147.

As aresult, it is not known how well these models work when applied to regions differ-
ent than those seen during training, without which we cannot provide any guarantees
on the large-scale performance of these models.

Phenology Alignment Network (PAN) by Wang et f180] are, to the best of our
knowledge, the rst work which studies cross-region crop classi cation. On a dataset
with three different Chinese regions, it is empirically shown that the performance
of existing models drastically drops when trained in one region and evaluated in the
others. This failure is attributed to discrepancies in the phenological characteristics
of the same crop type in different regions, causing differences in the two data distri-
butions, which violates the assumption of supervised learning that training and test
data are identically distributed. To address the problemyresupervised domain
adaptation(UDA) approach is proposed. In this setting, labeled data from one region
(thesourcedomain) and unlabeled data from another region @ngetdomain) is
available. The goal of UDA is to train a model using the labeled source data and
unlabeled target data which performs well on the target data. To this end, the authors
of [18Q propose PAN, which employs an existing image-speci ¢ UDA method based
on learning domain-invariant features [8]. Here, the model is trained with a standard
supervised loss on labeled source data, plus an unsupervised loss which conditions
network features from source and target to be domain-invariant, that is, be distributed
similarly. By doing so, the features from the target region become similar to the
features from the source region, such that the classi er trained with source features
also works for target features. In PAN, the maximum mean discrepancyllé@s§
used to learn domain-invariant features which encode both spectral and temporal infor-
mation. While PAN improves cross-region crop classi cation results, we demonstrate
in TimeMatch (Chapter 6) that simply extending image-speci ¢ domain adaptation
methods to SITS without explicitly considering the temporal aspect is not suf cient to
address cross-region crop classi cation.

Overview of Method and Results

In TimeMatch, we instead focus on directly aligning the temporal dimension for cross-
region UDA. One of our key observations is that crop phenology between two regions
is temporally shiftedas also discussed in Section 3.2). While this phenomenon has
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been known for a long time in agricultural studid94, 105, TimeMatch is the rst

to highlight its importance and address the problem of large-scale crop classi cation.
In particular, we observe that when a source-trained model is applied to target data, its
performance depends on the timestamps—the day of the year—which are provided
along with the SITS. If the timestamps are all shifted by a particular number of
days, the performance of the model signi cantly improves, even achieving higher
performance than the domain-invariant method of PAN. Moreover, we observe that
the “best” temporal shift is a function of the climate, as it consistently corresponds to
how much warmer or colder one region is compared to the other. For example, the
temporal shift of a model trained in a Danish region and applied to a French region
is about +30 days. This corresponds to the fact that the climate of the French region
is warmer than the Danish one, which causes crops to develop earlier in the French
region.

We exploit this observation in the methodology of TimeMatch, which consists
of two components: temporal shift estimation and TimeMatch learning. From our
observation that the performance of source-trained models improves by temporally
shifting the target data, our goal is to estimate the temporal shift without using target
labels and then apply the temporal shift to automatically assign pseudo-labels for the
target data. These pseudo-labels are then used in TimeMatch learning, a self-training
routine that re-trains the model for the target data.

Our TimeMatch learning algorithms work by rst duplicating a source-trained
model into ateacherand astudent Using the estimated shift, the teacher generates
pseudo-labels for the target region to train the student. The knowledge learned by the
student is gradually updated back to the teacher during training via an exponential
moving average of its parameters, thus adapting both models to the target region and
improving the pseudo-labels. As the teacher adapts to the target region, the temporal
location of crop growth in the source region is gradually “forgotten” and replaced with
that of the target region. This means that temporally shifting the target data gradually
becomes unnecessary to generate pseudo-labels with the teacher. We account for this
by re-estimating the temporal shift of the teacher every epoch, which ensures that the
pseudo-labels remain accurate during TimeMatch learning.

We evaluate our approach on a dataset containing SITS from four different Eu-
ropean regions, with one in Austria, one in Denmark, and two in France. On ve
different adaptation scenarios, TimeMatch consistently outperforms all competing
methods, improving results by 11% in average F1 score, thus setting a new state-
of-the-art for cross-region UDA. However, we also observe that there is still a gap
between the results of TimeMatch and the results achieved by a fully-supervised
model. While completely closing the gap is likely unrealistic without any labels,
reducing the gap is a direction for future work.

Future Work

Our work on TimeMatch highlights the importance of addressing the temporal discrep-
ancy for large-scale classi cation, and we believe there are many exciting approaches
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for future research in this regard.

One of the limitations of TimeMatch is that our temporal shift estimation is a
simple form of temporal alignment which assumes that all crop types are shifted by
the same value, which is unlikely to be the case in practice. A possible improvement
in this direction could be to consider stronger temporal alignments, such as at the
class or example level, or to align the data by time-warping techniques [7].

Another line of work is to account for the change in classes between two regions,
such as the techniques applied in open-set domain adaptafidly fo handle the
common real-world scenario case where the set of classes in the target domain differs
from that of the source domain—for example, sun owers are a frequent crop type in
southern France, but are rarely planted in Denmark.

Another limitation with UDA is that it requires training the model on unlabeled
data for every new target region. In large-scale crop classi cation, this would mean
training the model a hundred to a thousand times over for every new region across
the world, which would lead to a signi cant performance issue for scalability. A
favorable alternative to UDA would therefore be domain generalization, which avoids
this extra training step altogether by improving the generalization of the model itself.
We consider such an approach in the next section.

4.3 Generalized Satellite Image Time Series Classi cation
with Thermal Positional Encoding

In Generalized Satellite Image Time Series Classi cation with Thermal Positional
Encoding[118 (TPE), presented in Chapter 7, we set out to address the last research
guestion: how can we train deep crop classi cation models that generalize to new
regions? Our work on TimeMatch gave us the understanding that accounting for
temporal shifts of the growing season is key for classi cation in different regions.
Therefore, in TPE, we build upon our ndings in TimeMatch and improve generaliza-
tion by training models which are robust to temporal shifts but do not need to estimate
the shift itself.

Background

As described in Chapter 3, the current methods in crop classi cation are based
on self-attention, in particular, the current state-of-the-art models are LTARE,
which modify the self-attention mechanism for crop classi cation. Our work focuses
on improving robustness to temporal shifts in this component since it handles the
temporal dimension. As the self-attention computation is position-agnostic, positional
encodings are used to provide explicit timing informatid@3. Commonly, the
timing information provided to crop classi ers is the number of days passed since the
rst observation (the day of the year if the SITS starts on January 1), and the LTAE
also provides these values to the model via positional encoding. The bene t of this
type of temporal information, which refer ts calendar timgis that the network
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can tell the order of the input elements and their temporal location in the growing
season. This information can be an important clue in separating similar phenological
events of different crop types. For example, the spectral values corresponding to the
peak of growth for winter and spring barley might be similar, but the two events can
easily be classi ed based on the timing, as winter crops mature earlier than spring
crops. However, the problem with calendar time is that the timing which the model
learns in one region does not apply to another due to temporal shifts, which causes
the accuracy to drop. Our work on TimeMatch gives us the understanding that models
rely on the timing information for classi cation, as shifting the calendar time such that
crop growth in the target region aligns with that of the source region, the performance
of the model improves.

Contributions

In TPE, we consider multiple strategies to improve the robustness of models to
temporal shifts. A possible approach is to trahift-invariantmodels, which can

be achieved by.g removing positional encoding altogether or applying random
temporal shifts to training data. On the same dataset as TimeMatch, our results
show that these approaches in fact do improve the generalization of crop classi ers.
However, shift-invariant models naturally cannot capture the temporal shifts between
classes which we observe is important for classi cation with shift-variant models.

To address this issue, we propose to forego calendar time in place of different
timing information calledhermal time[104, 105. In the eld of crop phenology,
thermal time is measured in units of growing degree days (GDD), which are computed
by accumulating daily mean temperatures over a baseline. Crops enter different
phenological stages at particular GDDB], which makes thermal time directly related
to the timing of crop growth. As a result, temporal shifts between regions are reduced
with thermal time, improving the generalization of models, while simultaneously
allowing models to capture the class-wise phenological timings.

In addition to using thermal time in the positional encoding of self-attention
models, we also investigate methods for the positional encoding itself. Commonly, the
positional encoding used for crop classi cation stems from the original Transformer
model [L73, where positions are encoded to a prede ned sinusoidal vector, which is
then added to the input sequence of word embeddings. This approach is practical for
NLP tasks, as word embeddings are typically pre-trained and not trained together with
self-attention. In comparison, for crop classi cation, the input SITS embeddings are
learned jointly with self-attention. One of our TPE methods, TPE-Concat, leverages
this observation and simply concatenates thermal time with the input SITS to learn
the positional encoding and SITS embedding simultaneously. We show that this
improves computational ef ciency while obtaining similar accuracy as the commonly
used sinusoidal positional encoding. Finally, our top-performing TPE method, TPE-
Recurrent, shows that a positional encoding of thermal time that captures both the
absolute values and the historical rate of crop growth can lead to further improved
generalization.
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We demonstrate our approach for large-scale crop classi cation in Europe and
show that our method enables Europe-wide classi cation without requiring the model
to be re-trained for each region as with UDA.

Future Work

Our work on TPE shows that using a time representation that captures the different
climatic variations of crop growth can improve the generalization of crop classi ers.
Our experimental results show that TPE enables accurate large-scale crop classi cation
in Europe, which is not possible with existing methods. However, it remains an open
guestion how we may achieve crop classi cation on a global scale.

In our work, the inputs contain satellite images from January 1 to December 31
of the same year, capturing both the early development of crops and their harvest in
the summer. However, this range assumes that the SITS are acquired in the Northern
Hemisphere, where the winter lasts from December to March and summer from June
to September. It would not apply to the Southern Hemisphere where the winter and
summer seasons are swapped. We may account for this by acquiring the SITS from
the middle of the year insteaide. from June 1 to May 31. Still, another assumption
of this range is that it contains only a single growing season. This would not apply
to e.g some regions of Brazil, where the tropical climate allows the planting of one
crop during the summer followed by another during the winter. Therefore, we believe
a promising future direction could be to dynamically select the start and end dates
of the SITS prior to its classi cation. That is, the SITS should start on the earliest
sowing date and end on the latest harvest date of parcels in each region. An automatic
selection of these dates could be done from NDVI ag'if) §0]. By normalizing the
temporal “window” of SITS in different regions, such an approach would likely also
reduce the issue of temporal shifts. We expect that thermal time could still be used in
such a model to adjust to the variation of growth rates in this dynamic winelgwp
account for the faster growth rate in Brazil compared to Europe.

While we focus on generalization across space in our work, another possible
application of TPE is generalization across time. Similar to that the climatic variation
in different regions causes temporal shifts in crop phenology, the variation in the
weather for the same region in different years also changes the timing of crop growth,
which TPE could help models adapt to. Finally, crop growth is affected by many
factors and not just the temperature, and it would be interesting to see the effect
of other meteorological variables, such as precipitation, or to account for spectral
variation through information about the soil or topography.

4.4 Conclusion

This chapter concludes the rst part of this thesis. In Chaptdnfroduction we
motivate the use of deep learning methods for agricultural tasks with remote sensing
data, based on their recent success on related data in many other elds such as
images in computer vision and sequences in natural language processing. But we
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also highlight that obtaining labeled training datasets is a signi cant challenge for
remote sensing, and therefore describe three research questions to address parts of the
challenge.

The rst research question concerns the label requirements for cloud detection,
a problem particular to remote sensing data described in ChapBat@lite Image
Analysis for Precision AgricultureéTo answer this question, our rst paper, presented
in Chapter 5Weakly-Supervised Cloud Detection with Fixed-Point GAdsvides a
weakly-supervised cloud detection method. The second and third research questions
concern the label requirements for the crop classi cation task. We describe this task
in Chapter 3Large-Scale Crop Classi catioras well as the deep learning methods
that are currently used and their limitations. The second research question concerns
unsupervised domain adaptation of crop classi ers, and we provide a solution to this
problem in the second paper, presented in Chapt&inéeMatch: Unsupervised Cross-
Region Adaptation by Temporal Shift Estimati@ur method explicitly accounts for
the temporal shift between different regions to adapt crop classi ers. Finally, the third
research question concerns how the generalization of current crop classi ers can be
improved. We provide a solution to this in the third paper by incorporating thermal
time to positional encoding, as presented in Chapt&éheralized Satellite Image
Time Series Classi cation with Thermal Positional Encoding

The next part of this thesis consists of the three papers. We thank the reader
for following along this far and hope that this rst part provides a comprehensible
overview for the three papers that follow.
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Chapter 5

Weakly-Supervised Cloud
Detection with Fixed-Point GANSs

JOACHIM NYBORG, AARHUS UNIVERSITY, DENMARK
IRA ASSENT, AARHUS UNIVERSITY, DENMARK

In Proceedings of the 2021 IEEE International Conference on Big Datthe 3rd
IEEE Workshop on Machine Learning for Big Data Analytics in Remote Sensing

Abstract

The detection of clouds in satellite images is an essential preprocessing task
for big data in remote sensing. Convolutional neural networks (CNNs) have
greatly advanced the state-of-the-art in the detection of clouds in satellite images,
but existing CNN-based methods are costly as they require large amounts of
training images with expensive pixel-level cloud labels. To alleviate this cost,
we propose Fixed-Point GAN for Cloud Detection (FCD), a weakly-supervised
approach. Training with only image-level labels, we learn xed-point translation
between clear and cloudy images, so only clouds are affected during translation.
Doing so enables our approach to predict pixel-level cloud labels by translating
satellite images to clear ones and setting a threshold to the difference between
the two images. Moreover, we propose FCD+, where we exploit the label-
noise robustness of CNNs to re ne the prediction of FCD, leading to further
improvements. We demonstrate the effectiveness of our approach on the Landsat-
8 Biome cloud detection dataset, where we obtain performance close to existing
fully-supervised methods that train with expensive pixel-level labels. By ne-
tuning our FCD+ with just 1% of the available pixel-level labels, we match the
performance of fully-supervised methods. Our source code is publicly available
athttps://github.com/jnyborg/fcd

5.1 Introduction

Clouds are a major issue when analyzing big data in remote sensing, as clouds often
partially or entirely obscure a given area of interest. As a result, clouds have a

37
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Figure 5.1: Weakly-supervised cloud detection with FCD. With easily acquired image-
level labels of whether satellite images contain clouds or not, we train a generative
model for xed-point translation between clear and cloudy images such that the
difference between the input and generated image reveals clouds at the pixel-level.

signi cant negative impact on a variety of applications that require a clear view of the
ground below, such as change detectib®d and cropland monitoring39]. Thus,
detecting and masking clouds is an essential preprocessing step in most satellite image
pipelines.

One line of work for cloud detection considers rule-based methods, such as the
Fmask algorithm199 and the MAJA B4] processor. These methods detect clouds
by applying thresholds to selected features based on the physical characteristics
of clouds. However, as these methods are speci c to selected satellites and often
contain hand-crafted rules, their direct application to the growing constellation of
satellites is dif cult. As a result, these methods are not yet available for the majority
of high-resolution commercial satellites.

Instead of rule-based methods, supervised learning of Convolutional Neural Net-
works (CNNs) bring the bene t of leveraging learned features, allowing these methods
to automatically adapt to any particular satellite sensor. As in other visual recog-
nition tasks, CNNs have also greatly advanced the state-of-the-art in cloud detec-
tion [72, 148 187] as a result. However, due to the data-hungry nature of CNNs, this
approach requires a large number of labeled training images that capture the large
variance of clouds and ground surfaces, with each image labeled with ground truth
cloud masks typically hand-drawn by experts. Consequently, if no such dataset is
available for the satellite at hand, training CNNs for cloud detection is very expensive.

One way to alleviate this issue is by weakly-supervised learning, where weaker
but less expensive image-level labels are used to train models that are capable of pixel-
level predictions. A popular approach for weakly-supervised learning in both natural
images and remote sensing is based on computing class activation maps (CAMs),
whereby the feature maps learned by an image-level classi er are used to construct a
pixel-level prediction [12, 36, 114, 177].

In this paper, we propose an alternative approach for weakly-supervised cloud
detection based on the Fixed-Point GANB[J (Generative Adversarial Networs()).

Our proposed methodrixed-Point GAN for Cloud Detectiof-CD), learns image-
to-image translation betweeatear (no clouds) anadloudyimage patches taken from
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complete satellite images, thus requiring only image-level labels for training. Due to
the xed-point translation ability of FCD, our approach is able to translate an input
image into a clear image while affecting only pixels containing clouds. This enables a
pixel-level cloud mask to be predicted by setting a threshold to the difference between
the original and translated image, as shown in Figure 5.1.

To further improve weakly-supervised cloud detection performance, we propose
FCD+. Here, we rst utilize FCD to generate pseudo cloud masks for training images
to train existing CNN models. This enables us to re ne the cloud masks of FCD by
removing generative artifacts for improved performance. Furthermore, we show that
our FCD+ is a powerful weakly-supervised pretraining strategy for cloud detection,
as, by ne-tuning our model with just 1% of patches with pixel-level ground truth,
we match the performance of existing models that train with full supervision from all
available pixel-level ground truth. In summary, our contributions are the following:

» We propose FCD, a weakly-supervised cloud detection method based on Fixed-
Point GAN.

* We propose FCD+, a training strategy that re nes the predictions of FCD and
allows for weakly-supervised pretraining of cloud detection CNNSs.

» We demonstrate that FCD and FCD+ outperform existing CAM-based methods
in weakly-supervised cloud detection on the Landsat-8 Biome datadet [
By ne-tuning FCD+ with 1% of available pixel-level labels, we match the
performance of models that receive full supervision from all available labels.

5.2 Related Work

Cloud Removal with GANS.

Recent work has applied GANs to cloud remoa,[53, 146 154, which aims to re-
move clouds from satellite images and replace them with a realistic, generated region
of the underlying ground surface. 18(, 53, 1464, cloud removal is learned based on
pix2pix [70], requiring pairs of cloudy and clear images for training, acquired either
by synthesis30, 53] or by satellites with high revisit rate446. CloudGAN [154]
instead learns unpaired cloud removal with CycleGAN{, simplifying data ac-
quisition. While we similarly learn a GAN to translate cloudy images to clear ones,
our approach differs from this line of work as we do not focus on generating realistic
images, but on cloud detection. This requires GANs capable of minimal translation,
changing only pixels of clouds, so clouds can be detected by the difference between
input and translated image. However, pix2pig[or CycleGAN [197] tend to make
unnecessary changes and introduce artifacts to translated ind@§kgHhus limiting

their use for weakly-supervised cloud detection. Instead, we base our approach on
Fixed-Point GAN [L3(, which enables our model to perform minimal translations for
accurate cloud detection.
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Weakly-Supervised Semantic Segmentation.

Weakly-supervised semantic segmentation (WSSS) methods using image-level su-
pervision have been widely used for natural imaggs6f, 84, 179 182. These
approaches typicallyl[79 use class activation maps (CAMg)4, 150, 194, where

a CNN trained for image-level classi cation is utilized to roughly localize object
areas by drawing attention to discriminative parts of objects based on global aver-
age pooling 194 or gradient backpropagatioi, 150. As CAMs have limited
resolution and only cover small parts of objects, most approaches re ne CAMs to
discover complete object regions, by for instance seeded region groddh@flver-

sarial erasingl82, or equivariant regularizatiorl]f9. These approaches improve
upon the standalone CAMSs and are typically independent of the speci ¢ choice of
weakly-supervised localization method, which allows similar improvement to alterna-
tive methods that localize objects from image-level labels, such as the Fixed-Point
GAN [13(Q and our FCD. For this reason, we compare CAMs to our FCD in our
experiments.

Figure 5.2: Overview of FCD. We learn xed-point translation between clear and
cloudy image patches. During training, the discriminddolearns to distinguish
between real and fake images and to classify real images correctly. The generator
Gis input an image and whether the image should be translated to the clear domain
(c = 0) or the cloudy domaing= 1), and learns to either remove or add clouds
through a cycle-consistency loss and an adversarial losss the same domain as

the input imageG must perform an identity mapping through the identity loss, which
regularizes the generator to only affect the clouds. We then detect clouds in an input
imagex by the difference between the original image and its clear translationGvith

In remote sensing, existing WSSS methods have mostly used CAM-based ap-
proaches for segmenting satellite imageg [L14] from image-level labels. Fat
al. [36] propose WSF-Net, which computes CAMs from fused, multi-level features.
Wanget al. [177] propose U-CAM, which adapts CAMs for U-Net$35. In con-
trast to these CAM-based approaches, our approach is based on Fixed-Point GAN,
which our experimental results suggest is more accurate for weakly-supervised cloud
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detection.

5.3 Weakly-Supervised Cloud Detection Model

Overview

Our goal is to develop a method for weakly-supervised cloud detection. To achieve
this, we base our approach on the Fixed-Point GAN by Siddigtie&[13(, a recent
method successful in GAN-based image-to-image translation for weakly-supervised
disease localization in medical images. GAN6]|[have achieved remarkable results

in generating realistic images, and have also signi cantly improved image-to-image
translation 197], where the goal is to translate images from one domain of images
to another, such as translating aerial images to mafisor changing the season

of images from summer to wintet97]. Fixed-Point GAN learns image-to-image
translation with the goal of removing objects, if present, from an image, while
otherwise preserving the image content. For cloud detection, this objective translates
to removing clouds, such that when translating an image, either clear or cloudy,
into a clear image, clouds are revealed by subtracting the original image from the
generated image. A GAN capable of such a task must satisfy the following four
requirements [130]:

* Req. 1: The GAN must learn unpaired image-to-image translation, as in general,
it is dif cult and time-consuming to obtain perfect pairs of clear and cloudy
satellite images due to the high temporal variability of the ground surface.

* Reg. 2: The GAN must require no domain label for the input image, as, at
inference time, the GAN must be able to translate any image (both clear and
cloudy) into a clear image.

* Reg. 3: The GAN must perform an identity transformation for same-domain
translation. When translating an image from clear to clear, the GAN should
simply leave the image intact, injecting neither artifacts nor new information
into the image.

* Req. 4: The GAN must perform a minimal image transformation for cross-
domain translation. When translating cloudy to clear, the GAN should only
affect the clouds, while leaving the ground intact.

As Fixed-Point GAN 130 introduces a GAN that satis es all of these four require-
ments, so does FCD. However, for such a method to be practical for accurate cloud
detection, we require the following as well:

* Reg. 5: The method must output consistent cloud masks without generative
side effects that would lead to decreased cloud detection performance.
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¢ Req. 6: It must be possible to ne-tune the method with limited amounts
of images labeled with pixel-level ground truth to achieve a cloud detection
performance that matches fully-supervised methods.

We observe that the generative objective of FCD leads to artifacts that lower its
cloud detection performance. Furthermore, as FCD optimizes an image translation
objective, it is not possible to incorporate pixel-level ground truth to increase perfor-
mance. We address the last two requirements with FCD+: By training a segmentation
model with FCD cloud masks as pseudo labels, we show experimentally the side
effects of FCD are addressed. Also, as FCD+ is trained for classi cation instead
of image translation, it can be ne-tuned with a few labeled images to match the
performance of existing fully-supervised methods.

Image-to-Image Translation with GANs

In this section, we describe the background literature surrounding Fixed-Point GAN.

A GAN model [BQ] typically consists of two neural networks: a generdaior
and a discriminatoD. The two networks are trained adversarially by optimizing the
adversarial losswhere the discriminatdd(y) 2 [0; 1] learns to determine whether a
given input imagey is real or fake, while the generat@(z) ! y learns to transform a
random inputzinto a fake image indistinguishable from real images. As a res@t,
is able to generate highly realistic images from a random input. To apply GANs for
image-to-image translation, we replace the random immdth an imagex, so that
G learns a mapping between images. In pix2@i@]] image-to-image translation is
learned in a supervised manner by combining the adversarial loss with an L1 loss,
which requires paired data samples for training. This violates Req. 1, as for cloud
detection, pairs are generally not available, as discussed in Section 5.2.

To overcome the issue of requiring pairs, CycleGAI97] instead combines
the adversarial loss with @cle consistency losallowing for unpaired image-to-
image translation. Speci cally, for each pair of doma(XsY), two generatorss; F
are trained for each direction of translatigh; X! Y andF :Y! X. The cycle
consistency loss encourages that these two generators are inverses, by constraining
thatF(G(x)) xandG(F(y)) v, thus enforcing that when translating an image
X to an imagey, we should be able to restore the origimdtom y, and vice versa.

The effect of the cycle consistency loss is that the resulting output of the generator
is constrained so that the translated image appears aligned with the input image, as
if paired, but without any requirements for paired training samples. However, as
CycleGAN requires two generators for each pair of image domains, it fails to satisfy
Req. 2, as selecting the right generator for correct translation requires a domain label
for the input image at inference time.

StarGAN [L9] overcomes this limitation by learning a single generator for transla-
tion between all domain pairs. This is achieved by conditiof@non a target domain
labelcy to indicate which domai® must translate to, so th&(x;cy) ! y. During
training, ¢, is randomly chosen so th@learns translation between all domain pairs.
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To control that the generated image correctly classi es to the donjathe discrimi-
nator is expanded with an auxiliary classi Bgs to enforce thalomain classi cation
loss That is, the discriminator now produces two outpllgg, for the adversarial
loss, andDg s for the domain classi cation loss.

Still, StarGAN does not satisfy Req. 3 and 4: StarGAN fails to handle identity
same-domain translations, and also tends to make unnecessary changes during cross-
domain translation, as shown by Siddiquel. [130. To satisfy Req. 3, Fixed-Point
GAN introduces an additionabnditional identity losswhere, in the case th&is
given an input imag& and a domain labal, with the same domain as G learns to
do an identity translation by constraining tlia(x;c;) x. As such, when translating
clear images to cleaz must output the input unchanged. To satisfy Req. 4, Fixed-
Point GAN revises the adversarial, domain classi cation, and cycle consistency loss to
explicitly learn same-domain translation, in ti@&must optimize these losses both for
cross-domain translatioB(x;cy) ! y similar to StarGAN, but also for same-domain
translationG(x;cy) ! x. By doing so, the generator is regularized to nd a minimal
transformation during cross-domain translatia8(, thus satisfying Req. 4, so that
whenG translates from cloudy to clear, only clouds are changed.

5.4 Fixed-Point GAN for Cloud Detection

In the following, we formally describe the loss functions of Fixed-Point GAN for
Cloud Detection (FCD). Figure 5.2 shows an overview of the FCD training scheme.

Adversarial Loss To ensure that the images generated for both cross- and same-
domain translation follow the distribution of training images, an adversarial loss is
enforced for each case:

L adv= Ex[10gDagu(X)]
+ Exc[l0g(1  Dad(G(X;cx)))] (5.1)
+ Ex;cy[log(l Daal( G(X; cy)))];

whereG generates two images, conditioned on an input imeaed either its original
labelcy, for same-domain translation or a uniformly chosen target lejfr cross-
domain translation, whil® must distinguish between real and fake imagesies to

minimize this objective, anD tries to maximize it.

Domain Classi cation Loss In addition to generating images that follow the overall
distribution of training image<; must also use the given domain lalsglbr ¢y to
generate an image that is properly classi ed to that domain. This is achieved by
the domain classi cation loss de ned via the auxiliary classil@gs, with a term

for optimizing bothD andG. ForD, we enforce that real images must be correctly
classi ed:

L &s= Excl 10gDas(cdX)l; (5.2)
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whereDgs(CxjX) represents the conditional probabilityxobelonging to its original
domaincy, as computed bip.
Similarly, for G, we enforce that generated images must be classi ed correctly as
well,
L 5= Exg[ 10gDais(6iGx ¢))]

i (5.3)
+ Exc [ 109Dcis(cxi G(X; cx))l;

where we have a case for both same- and cross-domain translation. Overall, the
domain classi cation loss ensures tt@tcorrectly conditions on the given domain
label, allowing us to explicitly choose wheth@rshould translate to the cloudy or the
clear domain with a single generator.

Cycle Consistency Loss Minimizing the adversarial loss and the domain classi ca-
tion loss ensures the generator outputs realistic images of the correct domain but does
not guarantee that the generated images have any relation to the input image. This is
addressed with the cycle-consistency loss:

L cye= Excog liix  G(G(X;¢y); )il

+ Exo[iix  G(G(X;¢x); Cx)jjl; (©.4)

whereG takes an image translated to either the target doi@éxnc,) or input domain
G(x; cx), as well as the original domain labg), and in both cases tries to reconstruct
the input imagex. As G must be able to reconstruct the input image from the
generated imagé&; is constrained to preserve a relation to the input image, resulting
in translations that change only domain-related parts.

Conditional Identity Loss To avoid false positives; should not attempt to remove
clouds from clear images, and instead output the input without any change. To this
end, we enforce thds acts as an identity function when performing same-domain
translations:

Lid = Exclix G(Xcdjjal; (5.5)

where, in the case th& is given an input image and its original domain label,, it
must return the input without introducing any changes.

Full Objective In combination, the Fixed-Point GAN objective functions to trBin
andG, respectively, are
Lp= Ladvt!lask (;s; (5.6)

Lo=Ladvt lcsk c];s+ I cyck cyc* gl ia; (5.7)

wherel ¢s;1 cyo | ig are hyper-parameters for tuning the relative importance of the
domain classi cation, cycle consistency, and conditional identity loss.
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Detecting Clouds Optimizing the Fixed-Point GAN objective functions in FCD
results in a generat@ capable of translation between clear and cloudy images. To
generate cloud masks with FCD, we translate input images to clear, and threshold the
difference between the translated and original image. Speci cally, given an input patch

x of either clear or cloudy, we rst compute= G(x;0), resulting iny, a clear version

of x. This is followed by computing the absolute differencexaindy, followed by

the mean across channels. The result is a gray-scale image, which we refer to as the
difference mapFinally, we produce a binary cloud mask by setting a threshold to the
difference map, where pixels with high change are labeled as clouds, and otherwise as
clear.

FCD+: Re ning Generative Side Effects

Although FCD enables the generation of pixel-level cloud labels from image-level
supervision, we observe that the generative goal causes two types of side effects that
lower its performance: Generative artifacts and patch-shaped “holes".

» Generative artifacts: we nd that the cloud mask of FCD often contains noise,
typically around the edges of clouds. These artifacts likely arise from threshold-
ing the difference map for transparent clouds. As clouds typically become more
transparent closer to their edges, whereas their centers are bright white, a lower
brightness change is required by the generator to translate pixels of transparent
clouds to land surface compared to the center of clouds that are often bright
white. This can result in noisy artifacts when the difference value is close to the
threshold.

» Patch-shaped holes: when combining cloud masks for multiple patches, FCD
in some cases ignores clouds in one patch, even though neighboring patches
contain overlapping clouds, which results in patch-shaped holes in the nal
cloud mask. This issue likely stems from the conditional identity loss of Eqg. 5.5.
This loss implicitly enforce$s to classify input patches as clear or cloudyGs
must act as an identity function only for clear patche$s tirongly classi es a
cloudy patch as clear, it likely outputs an empty cloud mask for the entire patch,
resulting in patch-shaped holes in the nal image.

To re ne these generative side effects, we propose FCD+, where we train a
standard fully-supervised cloud detection model with the noisy cloud masks of FCD as
pseudo-labels. By doing so, we utilize the label noise robustness of CNIN9s1[33
to re ne the FCD cloud masks, thereby addressing Req. 5. Additionally, as FCD+ is
trained for classi cation directly, it can be ne-tuned, thus satisfying Req. 6.

Following existing cloud detection architecture&], we use a standard U-
Net [135 network architecture for FCD+, a fully-convolutional segmentation network
with skip connections between the encoder and decoder.
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5.5 Experimental Setup

We demonstrate the effectiveness of our method on the Landsat-8 Biome da#hset [
where we apply our weakly-supervised FCD to generate pixel-level pseudo cloud
masks for training images and train our segmentation model FCD+ with the images
and their pseudo masks. We evaluate the quality of our FCD-generated pseudo masks
as well as the test set performance of FCD+ when trained with them. Our source code
is publicly available ahttps://github.com/jnyborg/fcd

Dataset

The Landsat-8 Biome datase¥] is a cloud detection dataset with 96 Landsat-8
scenes of 8 different biomes with various proportions of cloud cover. Each scene
is hand-labeled with pixel-level class labels for clear, thin cloud, cloud, and cloud
shadow. We combine "thin cloud" and "cloud" into one class for clouds, and combine
"clear" with "cloud shadow" as one class for clear. To ensure an even distribution of
biomes in our training, validation, and test sets, we randomly assign the 12 scenes in
each biome by a 6:2:4 ratio, totaling 48 images for training, 16 images for validation,
and 32 images for testing. Our test set contains 43% clear to 57% cloudy pixels. We
input Landsat-8 scenes to CNNs by dividing scenes into patches df2&e128

We input all 10 available 30m bands. We use the provided pixel-level labels to decide
image-level labels, and label a patch as cloudy if there is at least one cloudy pixel in
the corresponding ground truth, otherwise clear.

Comparisons

We compare FCD to the weakly-supervised methods CAM], GradCAM [15(,

and GradCAM++ 15], as most existing methods in weakly-supervised semantic
segmentation are based on CAMs (see Section 5.2). CAM compute cloud masks
based on the global average pooling layer of a classi er trained for binary cloud
classi cation of images, whereas GradCAM and GradCAM++ compute the cloud
mask based on gradient backpropagation.

Implementation.

We implement FCD following the original implementation of Fixed-Point GAIS{,

and updateG and D for 10-channel images. We use the default model hyper-
parameters, and train for 200,000 iterations with a batch size of 16, sktfirg1,

| cyc= 10, andl jg = 10. We compute CAMs from ImageNet-pretrained ResNet-50
models p9| trained with Landsat-8 Biome image-level labels. For both FCD and
CAM models, we use the validation set to select the best model weights and choose
the best threshold value to create binary cloud masks. We note that generating pseudo
masks for patches with a clear label is unnecessary, as we know their cloud mask con-
tains only background. Hence, we evaluate only methods in their ability to generate
pseudo masks for cloudy patches.
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Table 5.1: Cloud mask generation performance (%) for Landsat-8 Biome with existing
CAM methods and our FCD.

Method Fl-score Accuracy

CAM [194] 75.9 05 829 0.7
GradCAM[150] 70.515 78.6 0.5
GradCAM++ [15] 72.2 3.8 79.9 1.9

FCD (ours) 839 0.8 87.6 0.5

We implement our FCD+ based on the U-N&B§ using the library in 18§.
FCD+ trains for 30 epochs with a batch size of 64 using Adagh\ith the default
settings. We save the model that gives the best F1-score on the validation set. We
use a learning rate of 1e-4, dropped by 10 if after 3 epochs the validation F1 does
not increase. In addition to optimizing a pixel-level cross-entropy loss, we use the
available image-level cloud labels to optimize a binary cross-entropy loss by attaching
a classi er to the encoder. When ne-tuning, we change our initial learning rate to
le-5 and freeze the encoder weights.

5.6 Results

Weakly-Supervised Cloud Mask Generation

To verify the effectiveness of FCD, we evaluate its ability to generate pixel-level
pseudo masks from image-level labels for our Landsat-8 Bitvaie set, which we
then use in our nal stage for training FCD+.

Quantitative Results Table 5.1 shows the overall cloud detection results for FCD
in comparison with CAM 194], GradCAM [15(], and GradCAM++ 15. We nd

that our FCD greatly outperforms all CAM variants in generating pseudo cloud masks
from just image-level labels, increasing F1-score by 8.0% compared to the best CAM
variant. This strongly indicates a Fixed-Point GAN approach for weakly-supervised
cloud detection is more accurate than CAM-based ones.

Qualitative Results We illustrate examples of cloud masks generated by FCD in
Figure 5.4, showing views of various Landsat-8 scenes. FCD generates accurate cloud
masks with high similarity to the ground truth, but we observe issues of generative side-
effects. For the Shrubland and Wetlands examples, we observe generative artifacts
particularly for areas with semi-transparent clouds. Patch-shaped holes appear mostly
in areas where FCD likely confuses cloudy patches with clear, such as in the center of
clouds in Snowlce and Water biomes (where clouds can be confused with snow), as
well as areas in the Shrubland biome which contains mostly clear ground with a few
transparent clouds. Next, we show how we re ne these errors with FCD+.
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Figure 5.3: FCD, FCD+, and FCD+1% cloud masks for example patches. FCD+
predicts a smoother cloud mask, that removes generative artifacts of FCD. FCD+1%
predict a more precise cloud mask after ne-tuning with very few ground truth cloud
masks.

Figure 5.4: Example cloud mask results of FCD and FCD+ on Landsat-8 images from
each biome.
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Table 5.2: Cloud detection results for Landsat-8 Biome. The supervision type indi-
cates: image-level labels, all available pixel-level labelg , and 1% of available
pixel-level labelsF 1%. Our proposed method achieves the highest performance with
the least expensive labels.

Method Supervision Fl1-score Accuracy
CFmask [34] - 87.2 87.7
Random initialization F 1% 89.4 0.5 89.50.5
Pretrained | +F1% 91504 91604
Fully supervised [72] F 93.9 0.5 94.0 0.5
FCD+ (ours) I 915 0.6 91.7 0.6
FCD+1% (ours) | +F1% 934 05 9350.4
Results of FCD+

We train FCD+ with the pseudo masks generated by FCD for the training data and
evaluate its performance on the Landsat-8 Bidestset. We compare FCD+ with the
rule-based algorithm CFMask4], whose cloud masks are currently distributed with
Landsat-8 images in the QA layer. Furthermore, we compare FCD+ with the same
U-Net model but trained in a fully-supervised manner with actual pixel-level labels,
which gives us an upper bound on the best performance achievable by the chosen
network architecture.

Finally, we evaluate the performance of FCD+ as a weakly-supervised pretrained
model in a semi-supervised setting, where 1% of data in our training set is labeled
with pixel-level labels. We refer to this model as FCD+1%. This result shows how
FCD+ applies to a real-world scenario, where one might allow an increased annotation
effort for improved cloud detection performance. We compare FCD+1% against two
baselines for the same underlying model: A model with randomly initialized weights
is trained with the 1%, and a model with pre-trained weights using the available
image-level labels to train for cloud classi cation and then ne-tuned with the 1%.

Quantitative Results Table 5.2 shows our results for the Landsat-8 Biome test
set. Compared to FCD, FCD+ greatly increases F1 scores, which shows its ability
to re ne FCD-generated cloud masks. Moreover, our weakly-supervised FCD+,
requiringonly image-level labels for training, outperforms the existing rule-based
method CFMask34] by + 4:2%in F1-score, only 2:4% below what is achievable

by existing fully-supervised methods that use 100% of available pixel-level labels for
supervision.

By ne-tuning FCD+ with 1% of available labels (FCD+1%), we reduce the gap
to only 0:5% of fully-supervised performance. In comparison to the existing two
pre-training strategies “random initialization" and “pre-trained", pre-training models
with FCD-generated cloud masks are highly bene cial as FCD+1% outperforms both.
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This shows that even though FCD-generated cloud masks contain artifacts, using them
to pre-train existing supervised models enables them to achieve higher cloud detection
performance than what is previously possible when only image-level labels and 1%
pixel-level labels are available.

Qualitative Results Figure 5.4 illustrates the cloud masks of FCD+ in comparison

to FCD for each type of biome. We nd that the issues of FCD are resolved, removing
the generative artifacts in the Shrubland and Wetlands examples, as well as the patch-
shaped holes in the Shrubland, Snowlce, and Water examples. Figure 5.3 further
illustrates the improvements for input patches. Compared to the FCD cloud masks,
the outputs of FCD+ are less noisy and better resemble the ground truth. We also
show the result of ne-tuning with 1% of pixel-level labels: FCD+1% better separates
individual clouds, further improving the results.

5.7 Conclusion

In this work, we proposed FCD and FCD+ for weakly-supervised cloud detection.
Existing supervised CNN-based cloud detection methods require large amounts of
training images with pixel-level cloud labels, which brings signi cant labeling costs.
As a result, applying existing CNN-based methods to detect clouds in the growing
number of Earth observation satellites is highly expensive when pixel-level labels are
not available. To alleviate this issue, we propose FCD, a weakly-supervised cloud
detection method that requires only image-level labels, which are signi cantly cheaper
to acquire. FCD applies a Fixed-Point GAN to learn image-to-image translation
between clear and cloudy images while ensuring only clouds are affected during
translation. By translating images to clear, thus removing any clouds, we are able
to detect clouds at the pixel level from the difference between the original image
and the translated image. As FCD is a generative model, we additionally propose
FCD+ to re ne the generated cloud masks of FCD, leading to further improvements
by removing generative side effects. On the large Landsat-8 Biome dataset with
satellite images from various biomes around the globe, we demonstrate our method
outperforms existing rule-based methods as well as weakly-supervised methods based
on class activation maps in cloud detection. Furthermore, FCD+ achieves near fully-
supervised performance after ne-tuning with only 1% of available pixel-level labels.
Our proposed method thus enables a drastic reduction in labeling efforts for training
CNN-based cloud detectors with minimal performance loss.

5.8 Acknowledgements

The work of Joachim Nyborg was funded by tmmovation Fund Denmarkinder
reference8053-00240



Chapter 6

TimeMatch: Unsupervised
Cross-Region Adaptation by
Temporal Shift Estimation

JOACHIM NYBORG, AARHUS UNIVERSITY, DENMARK
CHARLOTTE PELLETIER, UNIVERSITE BRETAGNE SUD, FRANCE
SEBASTIEN LEFEVRE, UNIVERSITE BRETAGNE SUD, FRANCE
IRA ASSENT, AARHUS UNIVERSITY, DENMARK

Revised manuscript submitted to #%PRS Journal of Photogrammetry and Remote
Sensing

Abstract

The recent developments of deep learning models that capture complex
temporal patterns of crop phenology have greatly advanced crop classi cation
from Satellite Image Time Series (SITS). However, when applied to target
regions spatially different from the training region, these models perform poorly
without any target labels due to the temporal shift of crop phenology between
regions. Although various unsupervised domain adaptation techniques have
been proposed in recent years, no method explicitly learns the temporal shift of
SITS and thus provides only limited bene ts for crop classi cation. To address
this, we propose TimeMatch, which explicitly accounts for the temporal shift
for improved SITS-based domain adaptation. In TimeMatch, we rst estimate
the temporal shift from the target to the source region using the predictions of
a source-trained model. Then, we re-train the model for the target region by
an iterative algorithm where the estimated shift is used to generate accurate
target pseudo-labels. Additionally, we introduce an open-access dataset for
cross-region adaptation from SITS in four different regions in Europe. On our
dataset, we demonstrate that TimeMatch outperforms all competing methods
by 11% in average F1-score across ve different adaptation scenarios, setting a
new state-of-the-art in cross-region adaptation. Our source code and dataset are
available ahttps://github.com/jnyborg/timematch
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Figure 6.1: Normalized difference vegetation index (NDVI) time series for crops
from two different Sentinel-2 tiles in Europe, indicating the growth of four crop types.
Crops develop similarly in different regions, but the patterns are temporally shifted,
e.g if crops ripen at different times of the year.

6.1 Introduction

Today, the availability of satellite image time series (SITS) data is rapidly increasing.
For instance, the twin Sentinel-2 satellites provide imagery of the entire Earth every
two to ve days [29]. A frequent acquisition of images is crucial for vegetation-related
remote sensing applications such as crop type classi catid82 [174. Multi-
temporal data enables capturing the phenological development of ¢rapshe
progressions of crop growth), a key dimension to discriminate each croptyfe [
Recently, the increasing availability of SITS along with advances in deep learning
has led to crop classi ers with temporal neural architectures using convolud@as [
193, recurrent units§5, 108 112, 137), self-attention 136, 142, or combinations
thereof [67, 138].

These crop classi cation models achieve impressive performance by capturing
the temporal structure of the problem but rely on the existence of a large amount
of labeled training data. While unlabeled SITS are plenty, access to labels in the
region of interest (théargetdomain) is often either costly or otherwise unavailable.

A possible solution is to train a model in a region with labels availablegthece

domain) and apply it to the unlabeled target region. However, when the two regions
are geographically different, the dissimilarity between the source and target data
distributions can cause a source-trained model to perform poorly when applied to the
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target region [85, 101, 168].

Addressing the distributional shift problem to adapt a source-trained model to
an unlabeled target domain is in machine learning known as unsupervised domain
adaptation (UDA) 79, 120, 168. Here, we consider the cross-region UDA problem
for SITS [180, where we are provided with labeled data from a source region and
unlabeled data from a target region. In this setting, the source and target data distribu-
tions differ due to changes in local conditions, such as the soil, climate, and farmer
practices, which cause spectral and temporal shifts [168].

Addressing the temporal shift is of particular importance when adapting crop
classi ers to new regions, as we illustrate in Figure 6.1. While crops in different
regions have similar growth patterns, the timing of key growth stages, such as the
peak of greenness, is shifted along the temporal axis. As crops are classi ed primarily
by their unique growth patterns, the temporal shift may cause misclassi cations when
a source-trained model is applied to a target region. For example, the shift in time
could cause the phenology of spring barley to appear similar to that of winter barley
in the target. Thus, accounting for the temporal shift is a key factor in cross-region
adaptation.

A possible approach could be to train models that are invariant to temporal shifts,
such as by applying random temporal shifts to the training data. However, as the
temporal shift could be the main feature that separates two crop types, shift-invariant
models have reduced classi cation ability compared to shift-variant models.

Another approach is to apply existing UDA methods. Typically, these methods
address domain adaptation by constraining the classi er to operate on domain-invariant
features §]. This is achieved by training the classi er to perform well on the source
domain while minimizing a divergence measure between features extracted from
the source and the target domai3g,[170, 18(0. While these methods have been
successfully applied in various applicatior®,[184)], they do not directly account
for the temporal shift in SITS and have thus been reported to provide limited bene ts
in cross-region UDA 100. More recently, self-training methods have emerged as
a promising alternative to domain-invariant methoti [L10 143 153 20Q. Self-
training iteratively generates pseudo-labé&l§ for the target domain and then uses
them to retrain the model with target data. To account for noisy pseudo-labels caused
by the domain shift, these methods typically incorporate a re nement step where the
noise is reduced in various ways, such as with generative mablHlkdr learned
confusion matricesl[g]. Still, no method considers the particular case of SITS where
the pseudo-label noise is caused by a temporal shift.

In this paper, we proposEimeMatch a self-training method for cross-region
UDA where we directly account for the temporal shift. TimeMatch consists of
two components: (i) the temporal shift estimation and (ii) the TimeMatch learning
algorithm.

Estimating the temporal shift directly from the target data is dif cult, as the lack
of labels hinder®.g the comparison of class-wise vegetation indices as in Figure 6.1.
To address this, we propose an unsupervised method where we estimate the temporal
shift from target to source with a source-trained model. First, we obtain the softmax



CHAPTER 6. TIMEMATCH: UNSUPERVISED CROSS-REGION ADAPTATION
54 BY TEMPORAL SHIFT ESTIMATION

predictions of the model when input target data with different temporal shifts. Then,
we choose the temporal shift with high prediction con dences across a diverse set of
classes. We show that this approach corresponds well to the actual climatic differences
between the two regions. Moreover, as correctly classi ed examples tend to have
higher prediction con dencefl], the estimated shift enables us to generate more
accurate pseudo-labels in the target domain for self-training.

In TimeMatch learning, we therefore use self-training to adapt a model to the
target domain. We propose an iterative algorithm where we alternate between temporal
shift estimation and re-training the model for the target domain by learning from both
labeled source data and pseudo-labeled target data. By doing so, the model learns
discriminative target features for accurate crop classi cation in the target region.

Lastly, we present the TimeMatch dataset, a challenging new open-access dataset
for training and evaluating cross-region models on SITS with over 300.000 annotated
parcels from four different regions in Europe. Evaluated on this dataset, our approach
outperforms all competing methods by 11% F1-score on average across ve different
cross-region UDA experiments.

In summary, our contributions are as follows:

» We propose a method for estimating the temporal shift between a labeled source
region and an unlabeled target region to reduce their temporal discrepancy.

* We proposélimeMatch a novel UDA method designed for the cross-region
problem of SITS, where crop classi cation models are adapted to an unla-
beled target region by self-training on temporally shifted data for improved
performance compared to existing methods. Our source code is available
at https://github.com/jnyborg/timematch

* We release the TimeMatch datasklf], a new dataset for training and evaluat-
ing cross-region UDA models on SITS from four different European regions.

This paper is organized as follows. Section 6.2 describes the existing literature
related to our work. Section 6.3 describes the proposed method for temporal shift
estimation and the TimeMatch learning algorithm. Section 6.4 presents our dataset and
the experimental setup, and Section 6.5 the experimental results. Lastly, Section 6.6
concludes this work.

6.2 Related Work

TimeMatch is related to the existing work in unsupervised domain adaptation of
learning domain-invariant features, time-series adaptation, cross-region adaptation,
and self-training.

Domain-Invariant Methods

The predominant approach in UDA is to train the classi er to rely only on domain-
invariant featuresq, 184]. To this end, several works consider adversarial train-



6.2. RELATED WORK 55

ing [37, 38, 98]. In domain adversarial neural networks (DANNB)7 38, the feature
extractor is adversarially trained to produce domain-invariant features that are indis-
tinguishable by a domain discriminator. Conditional domain adversarial networks
(CDAN) [98] improves upon DANN by conditioning the domain discriminator on
classi er predictions in addition to features to enable the alignment of multimodal
data distributions.

Another approach is to align the feature distributions directly by minimizing
a divergence measure. Choices for divergence measure include maximum mean
discrepancy (MMD) 170, correlation alignment]61], or optimal transport24, 31].
Recently, JUMBOT 31] achieves state-of-the-art UDA results by using mini-batch
unbalanced optimal transport to minimize the domain discrepancy of joint deep feature
and label distributions.

While domain-invariant methods achieve strong results on computer vision datasets,
they do not explicitly handle the temporal dimensions of SITS data and time series in
general.

Time-Series Unsupervised Domain Adaptation

Few methods tackle the challenge of time series UDA. Current methods for time
series are typically also based on learning domain-invariant featdir&é26, 185.
Recurrent domain adversarial neural network (R-DANN) and variational recurrent
adversarial deep domain adaptation (VRADA) explore long short-term memory and
variational recurrent neural networks as feature extractors, respectively, and learn
domain-invariant features using the DANN metha@€. Likewise, the convolutional

deep domain adaptation model for time series data (CoDATS) learns domain-invariant
features with a temporal convolutional network with the DANN meth8H. How-

ever, while these methods are effective at learning domain-invariant features for time
series, they are not designed to learn the temporal shift present in SITS.

Cross-Region Crop Classi cation

Lucaset al. [10Q reports that existing UDA methods, including existing domain-
invariant methods3z, 49|, perform poorly when applied to cross-region UDA of SITS
due to the temporal shift problem and the change in class distribution between the
two regions. Recently, Wangt al. [18( proposed the phenology alignment network
(PAN) as the rst method for cross-region UDA of SITS. PAN learns domain-invariant
features with MMD [L7(] and a feature extractor consisting of gated recurrent units
and self-attention. Still, as PAN learns domain-invariant features, the temporal shift
problem is not directly addressed.

Self-Training Methods

Semi-supervised learning (SSL) is a similar task to domain adaptation, but where
the labeled and unlabeled data are sampled from the same data distriti4ion [
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Many SSL methods are based on pseudo-labe8dp(hlso called self-training]57),

where the model's own high-con dence predictions are used as labels for the unlabeled
samples. In Mean Teachelr§g, the model assumes a dual rolet@acherandstudent

The student is updated by gradient descent with pseudo-labels generated by the teacher,
whereas the teacher is updated by an exponential moving average (EMA) of student
parameters to reduce pseudo-label noise. FixMdtbH] [generates pseudo-labels for
weakly-augmented inputs, and uses con dent pseudo-labels to self-train the model on
strongly-augmented inputs, regularizing the model to output consistent pseudo-labels
for random augmentations of the input.

Recently, self-training has emerged for UDA as an alternative to domain-invariant
methods 16, 110, 143 153 20(0. By learning from both labeled source data and
pseudo-labeled target data, self-training methods implicitly encourage feature align-
ment for each class without restricting the model to operate on domain-invariant
features. However, since the domain shift often results in increased pseudo-label
noise compared to SSL, existing methods introduce various re nement methods to
reduce the noise, such as co-trainiad]| tri-training [143, conditional generative
models [L10, or con dence regularizationZ0(. Recently, Adversarial-Learned Loss
for Domain Adaptation (ALDA) 16] proposes to re ne the pseudo-labels with a
noise-correcting domain discriminator.

Similar to this line of work, our approach is based on self-training. By directly
accounting for the temporal shift, we can temporally align the target SITS with that of
the source, which enables the generation of more accurate pseudo-labels compared to
existing self-training methods that do not.

6.3 TimeMatch

In this section, we describe our proposed method TimeMatch for cross-region UDA.
We begin by formally de ning the problem setting, followed by an overview of how
TimeMatch addresses it. We then give the details of the two TimeMatch components:
temporal shift estimation and TimeMatch learning.

Problem Setting

In crop classi cation, the input is a sequence of satellite imagey xi(l); D x.(T‘)) of
lengthT; to be classi ed into one of thi crop classes. In object-based classi cation,
which we focus on in this work, eaoti2 R N € contains a sequence Nf pixels

of C spectral bands within a homogeneous, agricultural plot of land which we refer to
as aparcel

at which each observatioqﬁj) is sampled. In practicei(j) is typically represented by
the day-of-year137, 147, and makes it possible to account for the irregular temporal
sampling of most satellites. The goal of the crop classi cation task is to learn a
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Figure 6.2: Overview of TimeMatch. Both the student and teacher are pre-trained
on the source domairmemporal Shift Estimatian We input shifted target data to

the teacher model and obtain its predictions for each shift. We then score each shift
by the con dence and diversity of the teacher predictions, and the shift with the best
score is output as the temporal shift estingite’ andd® '= d" S. TimeMatch
Learning The teacher generates pseudo-labels for unlabeled target data shifted by
d" S. Then, the student is updated for (non-shifted) target data using the pseudo-labels,
and for source data shifted Ioly' * using the available source labels. As a result, the
student is adapted to the target domain with both generated target labels and actual
source labels. After the student parameters have been updated with gradient descent,
the teacher parameters are updated as an exponential moving average (EMA) of the
student parameters. As both models adapt to the temporal shift of the target domain,
the best shift for pseudo-labeling with the teacher changes and must be re-estimated.
The EMA ensures the teacher adapts slowly which enablesto be re-estimated

each epoch only for improved training ef ciency and pseudo-label accuracy.

model which predicts class probabilitiegyj(xi;ti)) 2 R¥, typically learned with

In this work, we consider the problem of cross-region UDA. We are given a source
domainD S = f (x5t 5,y%) g, of n° labeled SITS and a target domai = fx{;tig" ,
of n' unlabeled SITS. We assume both the source and target domains consist of SITS
acquired over a single year (January 1 to December 31) and in geographically different
locations. The two domains can be associated with different data distributions, as
changes in local conditiong,g soil, weather, climate, or farmer practices, cause
domain discrepancied$§. In this work, we focus on the domain discrepancies
caused by temporal shifts (Section 6.1). Although not explicitly addressed in this
work, there are other sources of discrepancies that might occur. For example, the local
topography or soil conditions could impact not only the temporal development of crop
growth, but also the spectral values, which could change the spectral signature of the

same crop type in different regions.
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Because of these data discrepancies, models which are trained with the labeled
source domain can fail when applied to the unlabeled target dorh@i, [thus
hindering the large-scale application of crop classi ers. To this end, our goal is
to adapt a model trained di® to make accurate predictions @1. We do so by
explicitly estimating the temporal shift between the two regions to generate accurate
pseudo-labels fob!. Then, we re-train the model with target data using the pseudo-
labels, thereby adapting the model to the spectral and temporal properties of the target
region. We note that the classes in the source may not be exactly the same as the
classes in the target. This complicates UDA, which typically assumes a closed-set
setting [L21], where the set of classes in the source and target domains are equal. For
simplicity, we focus on a closed-set setting by adapting a classi er trained for the
mainK 1 crop types in the source region, plus an “unknown" class containing all
remaining source data. This ensures that all target examples can be classi ed to either
one of theK 1 crop classes or “unknown".

Approach Overview

Here we give an overview of how TimeMatch addresses the cross-region UDA problem
before describing the full details. A visual presentation of TimeMatch is given in
Figure 6.2. TimeMatch consists of two components (i) temporal shift estimation and
(i) TimeMatch learning.

We aim to estimate the temporal shift between the source and target regions to
reduce their domain discrepancy (see Figure 6.1). We represent the temporal shift by
a scalad! $2 Z (as the number of days), here in the direction from target to source.
Note that the shift in the opposite direction is obtainediBy' = d" S, so we only
have to estimate one shift. To shift the target domairmiby?, we writett+ dt s,
meaningd" S is added element-wise to each target day-of-year. With our proposed
method for temporal shift estimation (Section 6.3), we obtain estimatet'férand
ds! t.

In TimeMatch learning (Section 7), we ug& ! to construct a target-shifted source
domainD® = f(x%t S+ d¥ !);y*gl,, which has reduced domain discrepancy to
the unlabeled target domaid' due to the temporal alignment. We therefore use
self-training to learn from the labeldd® ' and unlabele®d!. To do so, TimeMatch
learning uni es temporal shift estimation with the loss function of FixMatth7
and the exponential moving average (EMA) training of Mean Tead@,[as we
explain next.

We rst obtain source-trained parameters by training a crop classi er @ith
We then duplicate the trained classi er into two models: tkecherand thestudent
Our TimeMatch learning algorithm aims to adapt both the teacher and the student
to the new target region with self-training. The teacher generates pseudo-labels for
the target domain to train the student, and the knowledge learned by the student is
then updated back to the teacher, thus the pseudo-labels used to train the student
itself are improved. We generate pseudo-labels by usingto create an adapted
target domairD 5= fx{;t!+ d" sg¥,. AsD" Sis temporally aligned wittD5,
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the source-initialized teacher generates more accurate pseudo-lati2ls fahan

D!. The student is then trained with labelBd ! and pseudo-labeled® via the
FixMatch loss 157, thereby leveraging both the available source labels and the target
pseudo-labels to adapt the student to the target domain.

After updating the student, the teacher is updated via an EMA of the student
parameters. As the two models adjust to the temporal shift of the target domain, the
best shiftd" S for pseudo-labeling with the teacher gradually moves to zero during
TimeMatch learning. To adjust to the changing shift and ensure the pseudo-labels are
consistently accurate, it is necessary to re-estimate the temporal shift of the teacher as
it learns. However, repeating temporal shift estimation is computationally expensive,
and drastically increases training time if done each training iteration. Therefore,
in Section 16, we discuss how EMA training alleviates this issue by enabling the
re-estimation to be done only once per epoch.

Next, we rst describe our method for estimating the temporal shift before de-
scribing the loss function and learning algorithm of TimeMatch learning.

Temporal Shift Estimation

Estimating the temporal shift directly from the data is dif cult, as labels are not
available in the target domain. Without labels, we cannot separate the target data into
each crop type, which prevents the computatior.gfvegetation indices to compare

the source and target phenology of each crop type directly.

Instead, we propose to estimate the temporal shift by calculating statistics on
the predictions of a source-trained model when input temporally shifted target data.
By doing so, we estimate the shift that aligns the target data with the source crop
phenology learned by a model, leveraging the classi cation ability of the trained
model to estimate the shift from unlabeled data. Another bene t of this approach
is that it enables re-estimation of the best temporal shift for pseudo-labeling as the
learned phenology of the model changes from source to target in TimeMatch learning.

One possible value to measure is the con dence of the model predictions. In-
tuitively, when a source-trained model is applied to correctly shifted target data, it
should output more con dent predictions than for incorrectly shifted target data. As
correctly classi ed examples tend to have more con dent predictions than wrongly
classi ed or out-of-distribution example$7]], we argue that a con dent temporal
shift indicates a better alignment of the target domain with the source which results in
accurate pseudo-labels and reduced domain discrepancy.

The con dence of a model for a particular shiftt S can be measured by the
expected entropy:

Exity ot H pg yi(xX;tt+d" 9 (6.1)

whereH denotes the entropy, here computed over the predictions of the medetn
input temporally shifted target data sampled frBrh

To estimate a temporal shift with entropy, Equation 6.1 should be computed for
each possible shift" S2f D; D+ 1;:::;Dg, and the estimated shift is then the
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one with lowest entropy. Her®& de nes the maximum possible shift (in days) to
estimate between the source and target regions.

However, due to the class imbalance of SITS, relying on expected entropy alone
could result in choosing a shift where the model outputs con dent predictions for
only the most frequent classes while ignoring the less frequent classes. This would
hinder the adaptation of the model for the less frequent target classes. To address this
problem, the diversity of the predicted marginal distribution should also be considered
in the estimation. The marginal is given by:

Po(Y) = Extty pt Pg ¥i x5tt+dt S (6.2)

that is, the expected predictions of the model (parameterizeg khen input shifted
target data.

Ideally, the marginal distribution should match the class distribution of the target
domain, as this indicates a shift where the model predicts a diverse set of classes
according to their actual frequency. But since target labels are unavailable, so is the
target class distribution. Instead, inspired by metrics for evaluating image generative
models, we consider two options to address this: the Inception sbé8g([S), and
the activation maximization scordé96 (AM). Both metrics consider the entropy
and marginal of a pre-trained model, but IS scores the marginal distribution by its
similarity to a uniform distribution, whereas AM uses the actual class distribution.

As these metrics were originally proposed to evaluate the quality of generated
images, we describe next how we repurpose them for temporal shift estimation.
Finally, we describe an algorithm where IS is used to initialize the temporal shift for
estimating the target class distribution with pseudo-labels and enable a better temporal
shift estimate with AM.

Inception Score

IS is computed for a temporal shidtby:

IS(d" % q)
= Etty Dke Pg YOGt +dY %) pa(y) (6.3)
= H(pg(y)) Eyy H pg Yi(xtt+d" 9) (6.4)

whereDg, ( k ) is the KL-divergence between two distributions, here the conditional
distributionpg yj(x';t'+ d) and marginal distributiopy(y) predicted with model
parameters]. Higher values of IS indicate a bettgy as when the conditional and
marginal distributions are different, this corresponds to a temporal shift where the
former has low entropyi.g., the model is con dent), and the latter has high entropy
(i.e., the model predicts a diverse set of classes). Hence, the temporal'sKifs
estimated by:

dis °(@%= argmax IS(d" %q°); (6.5)

where the estimated temporal shift maximizes IS for a source-trained model parame-
terized byq® when applied to target data.
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Algorithm 1: ESTIMATETEMPORALSHIFT

1 Input: Source-trained parameteg$, target domairD?, target class
distribution estimat€
2 if Ct = Othen
3 | Estimate temporal shift  dl 5(q®) (Eq. 6.5)
4 | Compute pseudo labels for eapth;t!) 2 D'
¥ argmay(pgs(yixX;t]+ d %)
5 Estimate class distributi(ﬁ‘y 2 é{‘;llﬁzy fory2f1;:::;Kg
6 Estimate temporal shii s  dL,5(q%C") (Eq. 6.7)
7 Output: Temporal shifd" S

AM Score

A shortcoming of IS is that the highest score is achieved whgw) is uniform [5],

which corresponds to an even distribution of classes in the target domain. For SITS,
where the class distribution is often highly imbalanced, this may cause IS to estimate
a suboptimal shift. AM 196 addresses this issue by taking the actual target class
distributionC! into account:

AM(d" %q;CY) = Exyy H pg Vit +d" 9)

6.6
+ D (C'k pq(¥)): ©©)

AM consists of two terms: the rst term is an entropy term on the conditional distribu-
tion, and the second is the KL-divergence between the underlying class distriGhtion
and the marginal distribution. Lower values of AM indicate a battess the model is

con dent in its predictions, and the actual class distribution of the data matches the
predicted distribution of classes. The temporal sififts is estimated by:

divS(gSCh=  argmin  AM(d" S,qS5,CY): (6.7)
where the estimated temporal shift minimizes AM.

Algorithm for Estimating Temporal Shift

While AM is more accurate at estimating the temporal shift, it requires knowledge of
the target class distributid®, which is not available. To address this, we propose to
approximate the target class distribution for AM by pseudo-labels obtained with IS.
We show our approach in Algorithm 1. First, we use IS (Equation 6.5) to estimate
an initial shiftd" S (line 3). This initial estimate allows us to shift the target domain

so that more accurate pseudo-labels can be generated with a source-trained model.
We then use the pseudo-labels to estimate the target class distriBufiores 4-5).

Finally, we re-estimate the temporal shift more accurately with AM@ngine 6).
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TimeMatch Learning

Algorithm 2: TIMEMATCH

1 Input: Labeled source domaid$, unlabeled target domam!,
source-trained parameteags, total epochs and iterationsn, pseudo label
thresholde, trade-off valud , EMA decay ratea, learning rateh

2 Initialize student parametecs  q° and teacher parameteg® S

3 Initialize estimated target class distributi6h= 0

4 for epoch = 1to ndo

5 | Estimate temporal shift with teachet®' S

ESTIMATETEMPORALSHIFT(q? DY, ét)
if epoch = lthen
| Initialize d¥ * dv s

for iteration = 1to mdo

Sample mini-batches of si&from sourceS = f (x5t $;y?) g2 ; and

targetT = f(x;thol,

10 With S shifted byd® !, compute source lods ¢ t (Eq. 6.9)

1 For each example il shifted byd" S, generate teacher prediction
q and pseudo labels (Eq. 6.10 and 6.11)

12 With T and con dent pseudo labe}é with maxq) > e, compute
target lost. ' (Eq. 6.12)

13 Update student by gradierd: q gNg(L & t+1L 1)

14 Update teacher by EMAQ® (1 a)g+aq®

15 Re-estimate class distributio@ %Béi 1=y fory2f 1;:::;Kg (using
all pseudo labels from epoch)

16 Output: Student parameterp

With our method for estimating the temporal shift, we can reduce the domain
discrepancy between the source and target domains. The TimeMatch learning algo-
rithm uses the temporal shift to train the student model for the target domain from
teacher-generated pseudo-labels via the FixMatch k58 fnd EMA training [L65.

We present the complete TimeMatch algorithm in Algorithm 2, and describe the
details of each step in the following.

Pre-training on the Source Domain

As we rely on the teacher to generate pseudo-labels to train the student, it is important
to obtain a good initialization for both models. Additionally, temporal shift estimation
requires a source-trained model. Thus, we rst use the labeled source domain to
obtain source-trained model parameigtsGiven a batch of labeled source data from
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D, we optimize the following loss function:
18 :
L®=gal pe YiOditd) v (6.8)
i=1

whereL( ;) is a classi cation loss€.g cross-entropy or focal los8%]) andB the
batch size. After pre-training, we initialize the parameters of the stuglant teacher
q°from g3 (line 2).

TimeMatch Loss

The TimeMatch loss consists of two terms: a supervisedlo¥s! applied to the
adapted source domain® ! and an unsupervised loks! applied to the unlabeled
target domairD!. Our loss is based on the FixMatch lod%7]. To regularize
the model to predict consistent pseudo-labels on randomly augmented versions of
the same inputs, FixMatch applies two types of augmentation functiwaakly
augmented( ) andstronglyaugmented\( ), corresponding to simple and extensive
augmentations of the input. We describe the form of augmentations we wg)for
andA( ) in Section 6.4.

Letds tandd! Sbe temporal shifts estimated given by Algorithm 1 using the
teacher (line 5-7). To compute the supervised loss on the source domain, 4@ tise
to align the source domain with the target domain and optimize:

| 18 . |
L= sa L pg YA+ d® DI (6.9)
i=1

using source labelg’ to update the studewt on strongly augmented source data
shifted byd® t. This loss makes it possible for the student to learn the target phenology
from shifted source data (line 10).

To generate pseudo-labels for the target domain, we obtain the predicted class
distribution from the teacher when input source-shifted target data:

q = pgo yja x;ti+d" s (6.10)
where the teachar®is input a weakly-augmented target sample, shiftedihy?.
Then, we use

¢t = argmaxq) (6.11)
as pseudo-label (line 11). The studgnis then updated on strongly-augmented target
data for con dent pseudo-labels (line 10):

18 . ’
Lt= B a 1ma)(q})>e|— Pq YIA X},t} ’y} ; (6.12)
i=1

wherel is the indicator function, and is the con dence threshold for using a pseudo-
label. With this loss, the student is trained with target data using pseudo-labels. The
total loss minimized by the student in TimeMatch is:

Lal=L sty (6.13)
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wherel is a scalar hyperparameter to control the trade-off between the supervised
and the unsupervised loss (line 13).

EMA training and re-estimating temporal shift

By optimizingL 2!, the student and teacher are trained only for the target phenology,
asL ¥ ! shifts the time of the source to the target, whilé keeps the target in its
original time. This loss enables a source-trained model to adapt to the crop phenology
of the target domain.

However, by doing so, the source domain is gradually “forgotten”, and as a
result, it becomes unnecessary to apply the temporalghiftfor pseudo-labeling
the target domain with the teacher. This caudés® to gradually move to zero
during TimeMatch learning. Thus, d" Sis xed to the same shift, the target
samples will be wrongly shifted, which results in incorrect pseudo-labels. To address
this, we re-estimate the temporal shift for the teacher during TimeMatch learning.
As Algorithm 1 chooses the shift based on the con dence and diversity of model
predictions, re-estimating the temporal shift with the teacher ensures the generated
pseudo-labels remain accurate during training.

However, if the teacher is a direct copy of the student, the model will rapidly adapt
to the target domain, which requires the temporal shift to be re-estimated every few
iterations. But doing so drastically increases training time, as Equation 6.7 requires
forwarding a large sample of target data for each possible temporal shift. We address
this by introducing EMA training, where the teacher is slowly updated via an EMA of
the student parameters (line 14):

q° (1 a)gq+aq® (6.14)
wherea is a decay rate. By choosirggclose to 1, we reduce the rate at which the
teacher adapts to the target domain, enabling the re-estimatih dfo be done only
once each epoch (line 5). Moreover, by averaging model weights via EMA, we also
obtain less noisy pseudo-labels [165].

By re-estimating the temporal shift, the teacher and the shift can both evolve jointly
during training, resulting in better pseudo-labels for improved cross-region adaptation.
Note thatd® is not re-estimated (line 7). The rst shift estimate represents the shift
of the data, whereas the re-estimated shift represents the shift of the teacher. By xing
d¥ !to the initial estimate, the source domain is kept aligned with the target domains
during training, which enables semi-supervised learning.

6.4 Dataset and Materials

This section presents the TimeMatch dataddf] and the materials for our ex-
periments. We rst introduce the crop classi cation model we use, followed by a
description of the dataset and its pre-processing. Then, we describe the competitors
and our implementation. Our source code is publicly available, and contains the
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Figure 6.3: Overview of the PSE+LTAE moddH{1, 147. Given SITS of an agri-
cultural parcel, the PSE module process each time step independently by embedding
a random sample of pixels. The results are then concatenated into a sequence of
embedding®;. The observation datd¢s, which we add temporal shifts to, are input to

the model by adding their positional encodinggfoThe result is temporally processed

by LTAE to a single embedding; which is then passed to the classi er.

implementation of TimeMatch and the competitors, a link to download our dataset,
and the full experimental resultbitps://github.com/jnyborg/timematch

Network Architecture

As model, we use the existing object-based crop classi er PSE+LTAE introduced
by Sainte Fare Garnet al. [141, 142]. The network consists of two modules: the
pixel-set encoder (PSE) and the lightweight temporal attention encoder (LTAE). See
Figure 6.3 for an overview.

The PSE module handles the spatial and spectral context of SITS. Given SITS
of an agricultural parcel, PSE samples a random pixel-set of$s@aong thel;
available pixels within the parcel. The PSE is ef cient compared.tpconvolutions,
which are time and memory-consuming when applied to irregularly sized parcels.
As spatial information is lost by doing so, the PSE supports an optional extra input
with various geometrical properties of the given parcel, such as its area. We do not
input this extra feature to avoid biasing the model towards the shapes of parcels in the
source region, which typically change depending on the local farmer practices. Thus,
we only input the sequenog2 RT N € which is then embedded by the PSE for
each time step independently.

The LTAE module 141] handles the temporal context by applying self-attentiord]
with modi cations to output a single embedding. It improves the accuracy and compu-
tational ef ciency compared to the original TAE4Z by a channel grouping strategy
and a learnable master query. The additional inpug input to LTAE by encoding the
days with sinusoidal positional encoding [173] and adding the result to the output of
PSE. As the positional encoding does not support negative inputs, we input negative
temporal shifts by offsetting eadh by the maximum temporal shile. Given the
sequence of PSE-embeddings and the encbdddAE outputs a single embedding
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0;, which is then classi ed by a multi-layer perceptron to produce class probabilities
p(yj(xi;t1)) 2 RX.

The TimeMatch Dataset

The TimeMatch datasel]l§ contains SITS from Sentinel-2 Level-1C products in
top-of-atmosphere re ectance. Four Sentinel-2 tiles are chosen in various climates:
33UVP (Austria), 32VNH (Denmark), 30TXT (mid-west France), and 31TCJ (south-
ern France), abbreviated as AT1, DK1, FR1, and FR2, respectively. A map of the
tiles is shown in Figure 6.4. We use all available observations with cloud coverage

80%and coverage 50%between January 2017 and December 2017. Figure 6.5
shows the resulting acquisition dates for the four tiles. We leave out the atmospheric
bands (1, 9, and 10), keepifg= 10 spectral bands. The 20m bands are bilinearly
interpolated to 10m.

For ground truth data, we retrieve geo-referenced parcel shapes and their crop type
labels from the openly available Land Parcel Identi cation System (LPIS) records
in DenmarRk, Francé, and Austrid. We select 15 major crop classes in Europe and
label any remaining parcels as unknown. Figure 6.6 shows the selected classes and
their frequency in each tile.

We pre-process the parcels by applying 20m erosion and removing all parcels
with an area of less than 1 hectare. This reduces label noise by removing pixels
near the border of parcels, which are often less representative of the given crop
class compared to the pixels in the middle, and also by removing small or thin
polygons, which are typically miscellaneous classes such as eld borders. The SITS
are pre-processed for object-based classi cation by cropping the pixels within each
parcel to input sequencas2 R N 10 Each input is then randomly assigned to the
train/validation/test sets of each Sentinel-2 tile by a 70%/10%/20% ratio. Note that this
process assumes knowledge of parcel shapes in the target region. If this is not available,
TimeMatch may instead be applied for pixel-based classi cation by inputting single
pixels S= 1) to PSE+LTAE. We choose ve different cross-region tasks (written as
“sourcé target"): DK1 FR1,DK1 FR2,DK1 AT1,FR1 DK1,and FR1 FR2.

When a Sentinel-2 tile is chosen as source, all labels of the train and validation sets are
available for training. When a tile is the target region, no labels are available, except
for the nal evaluation on the test set. In contrast, many existing UDA methods
assume that a labeled validation set is available for the target domain, and use it during
traininge.g to select the best model§, 38, 98, 170. However, this assumption is
unrealistic, as if labels were available in real-world scenarios, they would be better
used for training the model. Instead, we report all cross-region UDA test results with
the model output at the end of training. Still, hyperparameters must be chosen with a
labeled validation set. Thus, we tune hyperparameters with the target validation set

Ihttps://kortdata.fvm.dk/download (“Marker")
2http://professionnels.ign.fr/rpg (‘RPG")
Shttps:/iwww.data.gv.at (“INVEKOS Schlage")
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Figure 6.4: Locations of the four European Sentinel-2 tiles in the TimeMatch dataset.
In the upper left corner, we show the temporal shiftsS estimated by Algorithm 1
with a source-trained model.

for only one task, DKL FR1, and apply the found hyperparameters to all remaining
tasks (as done in [31]).

The class distributions between regions differ signi cantly, and there may not
be enough examples of a crop type in the source region for a model to learn their
classi cation. Thus, when pre-training models on source data, we only use a subset of
the available crop types with at least 200 examples in the source region (as indicated
by the dashed line in Figure 6.6). The remaining classes are set as “unknown". When
evaluating on the target data, we report results on the same selection of source classes
no matter their frequency in the target.
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