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Abstract

Exploring Self-Supervised Learning Methods for Land Cover Applications us-
ing Remote Sensing Data

Anthropogenic activities such as crop cultivation, forest conservation, urban development, and
industrial establishment significantly alter the Earth’s surface characteristics. Thus, assessing
such alteration to the Earth’s surface is vital for both society and the economy. Monitoring and
analyzing the Earth’s surface helps to understand and manage the limited natural resources,
making it essential for sustainable land use planning and informed decision-making processes.
Analyzing the land surface usage thereby involves the intersection of geospatial data, remote
sensing technologies, and modeling techniques. While advancements in remote sensing have
dramatically increased the availability of data, there remains a need for specialized expertise to
handle and interpret such data. While the large amount of remote sensing data enables the use
of machine learning, annotating data is a time-consuming and expensive process limiting the
applicability of supervised training techniques. Recent developments in self-supervised learning,
particularly contrastive learning, have shown promising results. A key advantage is that this
method is largely independent of manual annotation since the target for the optimization process
can be constructed from the available data itself. Self-supervised learning uses a two-step ap-
proach: first, the machine learning model is trained on unlabeled data in a fully self-supervised
way. In the second step, transfer learning techniques are applied to adapt the pre-trained model
to an annotated dataset. Due to the pre-training, the required amount of annotated data is
significantly reduced compared to applications where the machine learning model is trained
on annotated data only. Thus, self-supervised learning is more efficient and cost-effective, ad-
dressing the challenges associated with manual annotation and offering substantial benefits in
Earth observation applications. However, these techniques have been primarily designed for
natural images in computer vision. The multi-spectral imagery of Earth observations exhibits
unique challenges that set them apart from standard computer vision tasks. For instance, Earth
observation data often includes multiple spectral bands beyond the visible spectrum, contains
temporal information, and requires domain-specific knowledge for interpretation. By addressing
these differences, this thesis aims to bridge the gap between traditional self-supervised learning
techniques and the specific needs of Earth observation.

The initial phase of this research highlights the importance of spectral bands beyond RGB
in land cover analysis. Building on these findings, atmospheric transformation is proposed
for contrastive self-supervised learning on remote sensing images, addressing the challenge of
meaningfully handling multiple spectral bands. Upon comparing against a baseline, the following
method was superior. While effective for land cover classification, these methods are less suitable

for time series crop classification. To develop a self-supervised approach for time series data,



multi-modal self-supervised methods for crop classification have been proposed. When evaluated
on 9 different time series crop classification tasks, the multi-modal approach outperforms existing
uni-modal approaches developed for tabular data such as spectral measurements. To leverage the
multi-modal characteristics of remote sensing data and the sequential nature of spectro-temporal
data, the approach is further refined by adapting the bi-modal BERT training technique, a
prominent self-supervised algorithm from natural language processing. Although these methods
effectively handle complex multi-spectral temporal data for crop classification, future research
should explore techniques that can also utilize dense spatial information to develop more capable

models.
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1.1 Motivation

Land cover is defined as the physical material present on the outer surface of the Earth,
such as grasses, trees, lands, water bodies, etc. Understanding land cover and its dynamics
is crucial for several reasons. The Earth’s surface has undergone rapid transformations in
the recent past due to anthropogenic activities and natural phenomena. These changes
profoundly impact ecosystems, biodiversity, and human societies. Land cover alterations
influence various ecological processes, including the water cycle, carbon cycle, and climate
patterns.

The term land cover is often associated with land use and land cover. Land use refers to
the activities undertaken by people on a particular land cover type. For instance, grass-
lands provide habitation to plant, animal, and bird species, while urban areas are used for
residential, commercial, and industrial purposes. The industrial purposes includes manu-
facturing, warehousing, distribution, and technological advancement, and the conversion
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of natural areas results in loss of biodiversity. The land cover, through land surface evap-
otranspiration, is also one of the factors that influence Earth’s climate (Jasechko et al.
2013). Numerous other examples underscore the influence of land cover on a wide range
of ecological, social, and economic processes. That’s why studying and understanding the
land surface is crucial.

Comprehending the static and dynamic nature of land cover is crucial for devising con-
servation strategies and policies aimed at effective land management. Several programs,
such as the International Geosphere-Biosphere Program (IGBP) (Loveland and Belward
1997) and the Land Cover and Land Use Change program, have emphasized the need
to study land cover dynamics at local, national, continental, and global levels for better
awareness'. National Aeronautics and Space Administration (NASA) uses land surface
information to assess the ecological state of the planet (NASA Earth Data: Land Surface
2024).

In order to study the land surface, it is important to study and analyze each land use
separately. The process of creating detailed maps delineating different land cover types,
such as forests, water bodies, and industrial areas, is called land cover mapping. There
are two primary approaches to generating these maps: field campaigns and analysis of
remote sensing imagery. This work focuses on the latter approach.

NASA’s 1972 launch of the Earth Resources Technology Satellite, later renamed Land-
sat, marked a significant milestone in remote sensing. This satellite pioneered the capture
of land surface data across four spectral bands with a spatial resolution of approximately
80 meters (modern publicly available satellites provide surface data at a spatial resolu-
tion of 10-30 meters). Despite the coarse resolution, researchers utilized spectral indices
derived from this data for land cover mapping.

In the following years, a series of satellite missions with enhanced spectral and spatial
capabilities were deployed, revolutionizing land cover mapping applications. Instruments
such as Advanced Very High-Resolution Radiometer (AVHRR) aboard NOAA polar-
orbiting satellites, Moderate Resolution Imaging Spectroradiometer (MODIS) onboard
NASA’s Terra and Aqua satellites, SPOT Vegetation instrument on the SPOT-4 and
SPOT-5 satellites, and the Envisat mission by the European Space Agency (ESA) (Tucker,
Townshend, and Goff 1985; Stone et al. 1994; Tateishi and Kajiwara 1991; Achard and
Estreguil 1995) significantly expanded the scope and precision of Earth observation data.
Among these instruments and missions, only MODIS remains operational, while the oth-
ers have been decommissioned.

In 2015, the European Space Agency (ESA) launched the Sentinel2, an optical remote
sensing satellite mission advancing Earth observation with its high-resolution measure-
ments, fine temporal scale, and global coverage (Drusch et al. 2012). A detailed overview
of Sentinel2’s spectral bands and their resolutions is provided in Chapter 2. The open
accessibility of Sentinel2 data has led to its widespread adoption across various research
domains. Sentinel2 offers frequent, high-resolution, up-to-date global maps, and has sig-
nificantly enhanced analysis capabilities by providing satellite derivatives at improved
spatial and temporal resolutions (Kussul et al. 2017). The extensive time series data from

Ihttps://eodsociety.esa.int/wp-content/uploads/2021/02/D3T1b_LTC2015_Caetano.pdf
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Sentinel2 has enabled the creation of sophisticated maps, broadening applications to fields
that rely on temporal patterns (Inglada et al. 2015). As Earth observation data continues
to evolve, the ongoing development of novel methodologies will hold significant poten-
tial for further advancements. Existing satellite missions provide a continuous stream of
data with high temporal frequency. However, the available data are often complex and
challenging to comprehend due to various factors, such as the presence of clouds in the
atmosphere, calibration errors in sensors, and differences in alignment between measure-
ments. These factors contribute to the presence of noise in the data, thus complicating
its analysis. Nevertheless, such a large amount of available data does facilitate the use of
machine learning.

In the field of Earth observation, a significant portion of the data is presented as patches
covering spatial regions over the Earth’s surface. These patches can be referred to as nat-
ural images. The computer vision community actively developed methods and algorithms
to extract useful information from images, enabling their analysis for various applications.
Common tasks that employ these algorithms are image classification, image segmentation
(semantic and instance), object detection, image reconstruction, and others. These tasks
are also relevant to Earth observation applications, such as land cover classification (im-
age classification), land cover segmentation (image segmentation), object detection (e.g.,
parks, airports) on the land surface, and land cover retrieval (image reconstruction).
However, unlike natural images that typically capture reflections from the three visible
channels (Red, Green, and Blue), these patches encompass a broader range of channels.
These include visible channels, near-infrared channels, and short-wave infrared channels.
Nevertheless, still, the similarity that exists between Earth observation data and natu-
ral images motivates the adaption of computer vision methods to the Earth observation
remote sensing data.

DeepSat (Basu et al. 2015) was one of the pioneering works that identified the challenges
at the intersection of remote sensing, computer vision, and machine learning. Using small-
sized datasets, the authors demonstrated that their proposed approach, which involved
extracting meaningful features from images using spectral indices and transforming them
into 1D vectors, normalizing them and feeds the normalized features to deep belief network
(DBN) classification. This could outperform conventional methods like Random Forest as
well as the then-modern shallow convolutional neural networks (CNNs) when used with
a deep belief network (DBN). The authors concluded that satellite datasets exhibit high
intra- and inter-class variability, and shape or edge-based features are not sufficiently
distinctive for most land cover classification tasks. They highlighted the difficulty in
obtaining the manual annotation of these images. Additionally, they pointed out that the
small size of available datasets hindered the potential of more advanced networks, such as
deeper CNNs and transformer networks (Vaswani et al. 2017), which are widely used in
the field of computer vision. These sophisticated networks, with their higher number of
training parameters, require vast amounts of data to effectively capture important image
features.
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1.2 Challenges

A primary issue in applying machine learning to Earth observation is the limited availabil-
ity of reference data. As mentioned earlier, the ground truth information and annotated
labels are essential for training large-scale models. The success of modern deep learning
algorithms in computer vision can be attributed to the availability of massive datasets
like ImageNet (Russakovsky et al. 2015), Instagram 1B comprising over a billion Insta-
gram images (Yalniz et al. 2019), and Wikipedia data (Dinan et al. 2018). However,
annotating Earth observation data necessitates domain expertise and often involves a la-
borious, expensive, and time-consuming process of field campaigns. Furthermore, Earth
observation data presents additional difficulties, including the challenge of obtaining bal-
anced datasets, dealing with sparse information, and handling point observations that
lack contextual information from the surroundings. Overcoming these obstacles is cru-
cial for leveraging the full potential of machine learning techniques in Earth observation
applications.

The Earth observation community has recognized the need for large-scale datasets and
has begun addressing this requirement. Datasets such as DeepGlobe (I. Demir et al.
2018), Bigearthnet (Sumbul et al. 2019), and Sen12MS (Schmitt et al. 2019) are examples
of efforts to create datasets with up to the order of million samples. However, compared
to datasets in computer vision, these Earth observation benchmark datasets are still
relatively small. Researchers often rely on information from land cover maps, which
are not frequently updated, to obtain labels for these datasets. While most supervised
learning algorithms employing deep networks have demonstrated the ability to learn from
this data, but the process of collecting and annotating data remains tedious, especially in
regions where up-to-date land cover maps are not available.

To overcome the limitation of annotated data in supervised learning, self-supervised
learning methods have been developed. The self-supervised learning methods have re-
cently gained considerable attention and has seen widespread adoption in the machine
learning community. These methods have the ability to leverage unlabeled data, thereby
eliminating the dependence on labeled data. Furthermore, self-supervised learning tech-
niques can be seamlessly integrated with modern deep learning architectures, which are
well suited for modeling complex, high-dimensional data such as images. This integra-
tion makes them particularly effective for domains with abundant unlabeled data and
intricate data structures where traditional unsupervised algorithms often fail. Although
self-supervised learning starts with a vast amount of unlabeled data, techniques like trans-
fer learning, fine-tuning, and zero-shot learning allow the pre-trained models to be applied
to new tasks with fewer labeled samples and achieve better or equal compared to applica-
tions trained in a fully supervised way. The self-supervised learning has great potential for
applications in the field of Earth observation. Satellite missions such as Sentinel2 (ESA
2021) and Landsat (Cai et al. 2018) have been actively monitoring the entire globe for
several years, providing a vast amount of data with the temporal resolution of a few
days. With newer satellite constellations such as Planetscope (PBC 2017), the temporal
and spatial resolutions have significantly improved, further augmenting the availability of



1.2. Challenges 5

landcover data. Although these datasets are commercially acquired, they play an increas-
ingly important role in high-resolution Earth observation studies. Despite having such
vast amounts of data, manually annotating them remains a demanding and resource-in-
tensive task. So, self-supervised learning is believed to be beneficial for these applications.
However, it poses different challenges. One of the biggest challenge is that most of the
self-supervised algorithms are developed for natural images and text but as mentioned
earlier, the properties of Earth observation are fundamentally different from natural im-
ages. This motivates to explore different strategies in this thesis. This study focuses on
developing self-supervised learning strategies for two categories of Earth observation ap-
plications: static landcover classification and time series crop classification. The following
three subsections outline the key challenges addressed in this work.

1.2.1 Self-Supervision for Earth Observation

To achieve the similar effectiveness of self-supervised learning for Earth observation data
as seen with natural images like ImageNet (Russakovsky et al. 2015), researchers must
overcome Earth observation specific challenges. In contrast to natural images, Earth
observation data are derived from surface reflectance measurements across multiple wave-
lengths, capturing a broad range of physical and spectral characteristics of the land sur-
face. The spectral signature varies systematically across surface materials, and these
inherent optical properties are fundamental for distinguishing and classifying different
land-cover types.

Earth observation data, obtained by measuring surface reflectance at different wave-
lengths, encompasses a broader range of physical properties beyond texture, which are
crucial in defining land surface features.

Applying existing algorithms directly to remote sensing data is non-trivial. Contrastive
self-supervised learning, a state-of-the-art self-supervised learning algorithm, relies on
meaningful transformations. In contrastive learning, the supervision signal comes from
positive and negative pairs rather than manual annotations. Each data instance is treated
as its own class, with positive pairs obtained through stochastic transformations and
negative pairs comprising other data instances. The goal is to learn semantic information
shared between a data instance and its augmented version by aligning representations
of positive pairs while repelling negative pairs. However, most transformations used for
natural images are texture-based and cannot be applied to Earth observation data due to
the presence of non-visible bands like infrared. Naive application would alter the physical
meaning of surface states, such as vegetation health. This limitation necessitates the
development of Earth observation-specific approaches that respect the unique properties
of satellite imagery.
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Research Question 1

How can contrastive self-supervised learning be utilized for land cover applications using
remote sensing data? How can the strategy be developed that must tackle the unique
challenges of integrating non-visible spectral bands, such as infrared while respecting the
physical principles that characterize the land surface?

To address this, atmospheric transformation is proposed in this thesis instead of color-
based transformations commonly employed for natural images. Color-based transfor-
mations used in natural image processing, such as color jittering and grayscaling, are
designed to preserve texture information in natural images. However, when applied to
remote sensing images, the atmospheric transformations ensure the physical significance
of non-visible bands like near-infrared is not altered, preserving indicators of vegetation
health. In contrast, remote sensing images can benefit from domain-specific transforma-
tions, particularly atmospheric correction. Atmospheric correction algorithms are widely
used in the remote sensing community to obtain atmospherically corrected images by ac-
counting for the scattering and absorption of both emitted and reflected radiation from
the atmosphere. In this thesis, these atmospheric correction algorithms are being uti-
lized to develop the atmospheric transformation algorithm that is compatible with all
bands, including those beyond the visible spectrum, and can be seamlessly integrated into
the contrastive learning framework. The proposed atmospheric transformation approach
demonstrates superiority over color-based transformations. By employing atmospheric
transformations, one can effectively exploit the vast amount of publicly available remote
sensing images without incurring the substantial cost associated with annotating labels
manually. This approach enables the utilization of self-supervised contrastive learning
techniques on remote sensing data.

1.2.2 Self-Supervised Learning for Crop Classification Tasks

The applications mentioned previously utilize remote sensing data. These applications
often process a single image as the input to the model. However, there are numerous ap-
plications that require more than just a single timestamp of information, such as landcover
change detection, natural resource management, and various agricultural applications in-
cluding crop classification, yield prediction, and crop growth monitoring. This thesis
focuses on developing self-supervised strategies to improve crop classification.

Crop data presents unique challenges for contrastive learning algorithms typically used
in remote sensing. Unlike standard satellite images, crop information is often not publicly
available and is characterized by distinct temporal patterns reflecting crop development
cycles. This temporal aspect is crucial for analysis. Additionally, crop data is associated
with field parcels, with each parcel usually containing a single crop type. This parcel-
based organization limits the analysis with this confined spatial location, contrasting with
typical satellite images. These factors - the temporal nature of crop development, the
parcel-based spatial structure, and the variety of crop types at each geographical location
- make it difficult to directly apply existing contrastive learning approaches on remote
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sensing images to crop classification tasks. Consequently, novel adaptations are necessary
to effectively leverage these techniques for crop data analysis.

Research Question 2

How can the contrastive learning algorithm be effectively adapted for crop classification
explicitly, considering the challenges posed by the temporal nature of crop data and the
spatial dimension being confined to field parcels? Specifically, how to devise meaningful
transformations that generate diverse views of the crop data?

The assumption that the boundaries of field parcels are not known poses a significant
complication in applying unsupervised algorithms. Consequently, the option of handling
the data as an image is discarded. The alternative is to consider the data in a tabular form,
i.e., measured reflectance at a particular location. However, finding meaningful transfor-
mations for tabular data is non-trivial. One advantageous aspect of remote sensing data
is the availability of multiple land cover satellite missions with different configurations
and capabilities, observing the same part of the land, although at slightly different times.
This allows for the implementation of multi-modal contrastive learning on this tabular
data. The overall idea behind using a multi-modal contrastive learning approach is to
address the challenge of identifying suitable transformations by leveraging data from dif-
ferent sources. In this work, Sentinel2 and Planetscope are used as two different satellite
sources. The proposed multi-modal contrastive learning with these two satellite sources
is found to be superior compared to uni-modal contrastive learning employing feature
corruption as a means to generate an augmented view of the tabular data. In this ap-
proach, the spectral component of both sources is utilized for aligning the representation.
The added advantage of the multi-modal approach is that while applying, it does not
necessarily require both sources during inference.

1.2.3 Alternate Self-Supervised Techniques for Crop Classification

The multi-modal contrastive learning approach produces an effective pre-trained model
for learning representations of crops. However, this approach only exploits the comple-
mentary spectral components of the data sources, while this data is also rich in tempo-
ral information. This study explores different self-supervised approaches to incorporate
both spectral and temporal components in the learning process. State-of-the-art self-
supervised techniques exist in the NLP community, which employs modern architectures
such as transformers (Vaswani et al. 2017). These methods are instrumental in address-
ing complex language-related tasks and form the foundation of Large Language Models
(LLMs). Since most text data follows a sequential pattern similar to time series, these
techniques can be explored in other domains like remote sensing time series data. Ex-
ploring such techniques for remote sensing time series data will enable the self-supervised
model to exploit both the spectral and temporal components of the satellite data. The
domain of self-supervised learning also employs auxiliary losses, where the task is not di-



8 Chapter 1. Introduction

rectly relevant for end applications, and labels can be generated using heuristic algorithms
rather than manual annotation. Combining such domain-related auxiliary tasks and the
other self-supervised techniques from natural language processing (NLP) can enhance the
learning process.

Research Question 3

How can the self-supervised learning algorithms that effectively exploit both the spectral
and temporal components of remote sensing data be developed for crop classification?
Specifically, how to adapt techniques from natural language processing to leverage the
sequential nature and multiple modes of remote sensing data?

To address the issue of adapting contrastive learning for time-series crop classification,
the spectral multi-modal contrastive learning approach is extended to spectro-temporal
data, where the data is a time series of measured reflectance at a specific pixel or location
on the land surface. Handling temporal data requires the use of transformer models. How-
ever, due to the nature of transformers, it is not feasible to use large batch sizes, which can
affect the generalization of the self-supervised model. To overcome this challenge, BERT,
a popular self-supervised algorithm in the natural language processing NLP community,
is proposed in a multi-modal approach. BERT employs masked language modeling for
pre-training sequential data like text. With a few adaptations, BERT is integrated into
our multi-modal framework. The BERT model addresses the issue of requiring large batch
sizes for contrastive learning. Furthermore, the learning process is boosted by defining
auxiliary losses, such as predicting proxy tasks like the seasonality of the representation
and the cloud cover level of the measured reflectance. These auxiliary losses help the
model implicitly learn seasonality and the perturbations caused by clouds, respectively.
This approach utilizes the spectro-temporal component in the complementary domain
during pre-training while still retaining the advantages of the multi-modal methods, i.e.,
not necessarily requiring the use of both data sources.

1.3 Contributions

The previous section outlined three research questions addressed in this work. Research
question 1 focuses on the challenges of applying contrastive learning techniques to Earth
observation data, particularly remote sensing images. The proposed atmospheric trans-
formation method offers a solution to the issues to overcome the difficulties. By providing
a solution to the issues of applying contrastive learning to Earth observation data, this
method advances the field of self-supervised learning for remote sensing images. The de-
tails of this contribution from the work focussing on this issue are elaborated in subsection
1.3.1.

Research question 2 highlights the distinct nature of crop classification compared to
general land cover classification. This difference presents unique challenges in identifying
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Figure 1.1: Overview of the Research Contributions. The data originates from the reflected radi-
ation emitted by the land surface, which is measured and processed by optical remote sensing satellites.
These processed satellite data are used for various applications. Contrastive self-supervised learning is
employed for static land cover classification is discussed in Chapter 4. Chapter 5 focuses on the appli-
cation of contrastive learning to time series data, with a specific emphasis on crop classification tasks.
Chapter 6 explores the adaptation of the BERT masked language model, a self-supervised technique, for
learning representations from remote sensing time series data.

meaningful transformations for tabular data that represent spectral measurements at the
pixel level. To address this issue, a novel multi-modal self-supervised strategy for crop data
has been developed. The major contributions resulting from this approach are thoroughly
discussed in subsection 1.3.2.

The third research question underscores the importance of developing a self-supervised
learning strategy for crop classification that can effectively handle both the spectral and
temporal aspects of the data during the pre-training phase. In response to this chal-
lenge, an innovative BERT bi-modal model has been proposed. This model not only
addresses the aforementioned issues but also leverages the advantages of multi-modality.
The significant contributions from this part of the work are detailed in subsection 1.3.3.

To provide a comprehensive overview of this research, Figure 1.1 presents a graphical
abstract that visually summarizes the key components and contributions of this thesis.

1.3.1 Atmospheric Transformation for Contrastive Learning for Static Land-
cover Classification

Common transformations have proved beneficial for natural images. Naively extending
these transformations to all channels of multi-spectral remote sensing images can distort
the physical information contained in bands beyond the visible spectrum. Since the focus
is on vegetation analysis, the experiments incorporated the near-infrared (NIR) channel
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along with the existing RGB channels. The results showed the benefits of adding an NIR
channel for land cover classification. Then to address the challenge of meaningful transfor-
mation for remote sensing images, atmospheric transformations, a novel transformation
technique is developed based on atmospheric correction algorithms. Chapter 4 thoroughly
discusses the methodology and experimental setup, demonstrating the superiority of the
proposed atmospheric transformations over conventional color-based transformations for
contrastive self-supervised learning on remote sensing data.

1.3.2 Multi-Modal Contrastive Learning for Crop Classification

Applying contrastive learning to crop data, which comprises both spectral and temporal
domains, presents significant challenges. Existing data transformation methods are not
easily adaptable to this type of data. To address this, the multi-modal contrastive self-
supervised learning approach is proposed. Multiple land cover satellite missions focus
on the same region with different spatial, spectral, and temporal resolutions. In this
work, a novel setup has been designed that leverages data from two satellite sources.
Thorough evaluations have been conducted on three different time series networks using
the representation from the pre-trained model for a comprehensive analysis. The results
demonstrate the superiority of the multi-modal approach over the uni-modal approach
employing random feature corruption.

1.3.3 Self-Supervised Learning with Time Series Networks for Crop Classifi-
cation

The multi-modal approach proposed earlier only utilizes the spectral component of the two
satellite sources. In this work, an innovative BERT bi-modal strategy has been introduced
that leverages both spectral as well as the temporal component for pre-training of crop
classification models. This approach enhances the model’s ability to capture temporal
complex patterns inhibited by the crops without using manual labels. Furthermore, the
two novel auxiliary losses, the seasonal classifier and the cloud prediction loss, have been
proposed that substantially improve the self-supervised learning process. The results are
validated by conducting extensive experiments comparing the proposed bi-modal BERT
method against the multi-modal self-supervised model. These comprehensive evaluations
demonstrate the effectiveness of the BERT bi-modal approach in leveraging diverse data
sources and temporal information for improved crop classification accuracy.

1.4 Peer-Reviewed Publications

This work produced three papers and one article in conference proceedings related to
remote sensing. Following are the bibliographic details of the papers :
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1.4.1 Journal Articles

e Generating Views Using Atmospheric Transformation for Contrastive
Self-Supervised Learning on Multi-Spectral Images
Ankit Patnala, Scarlet Stadtler, Martin G. Schultz, and Juergen Gall
IEEE Geoscience and Remote Sensing Letters (Vol 20), 2023
doi : https://doi.org/10.1109/LGRS.2023.3274493

« Bi-modal contrastive learning for crop classification using Sentinel2 and
Planetscope
Ankit Patnala, Scarlet Stadtler, Martin G. Schultz, and Juergen Gall
Frontiers in Remote Sensing, Sec. Remote Sensing Time Series Analysis (Vol 5),
2024
doi: https://doi.org/10.3389/frsen.2024.1480101

« BERT Bi-Modal Self-Supervised Learning for Crop Classification Using
Sentinel2 and Planetscope
Ankit Patnala, Martin G. Schultz, and Juergen Gall
Frontiers in Remote Sensing, Sec. Remote Sensing Time Series Analysis (Vol 6),
2025
doi: https://doi.org/10.3389/frsen.2025.1555887

1.4.2 Conference Presentations

e Multi-Modal Self-Supervised Learning for Boosting Crop Classification
Using Sentinel2 and Planetscope
Ankit Patnala, Scarlet Stadtler, Martin G. Schultz, and Juergen Gall
IGARSS 2023 - 2023 IEEE International Geoscience and Remote Sensing Sympo-
sium
doi : https://doi.org/10.1109/IGARSS52108.2023.10282665

1.5 Structure of Thesis

This thesis explores the application of self-supervised learning in two domains of Earth
observation: static land cover classification and crop classification. The focus of this
work was on the classification of vegetation types, and more specifically crop types, using
multi-spectral remote sensing data.

Chapter 2 discusses the theoretical foundations of both remote sensing and machine
learning literature. The chapter briefly covers distributed learning in the context of han-
dling large amounts of data.

Chapter 3 provides a comprehensive overview of different self-supervised techniques.
The chapter categorizes these methods into four distinct algorithmic approaches: autoen-
coders, auxiliary tasks, instance-based discriminative methods, and BERT.


https://doi.org/10.1109/LGRS.2023.3274493
https://doi.org/10.3389/frsen.2024.1480101
https://doi.org/10.3389/frsen.2025.1555887
https://doi.org/10.1109/IGARSS52108.2023.10282665
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In Chapter 4, the paper “Generating Views Using Atmospheric Transformation for
Contrastive Self-Supervised Learning for Multi-Spectral Images” is presented. This chap-
ter was structured to cover land cover classification, an introduction to the topic, a section
dedicated to datasets, a complete explanation of the proposed atmospheric transformation
method, evaluation, results, and conclusions.

Chapter 5 presents the paper “Multi-modal Contrastive Learning for Crop Classifica-
tion Using Sentinel2 and Planetscope”. The chapter revisits the task of crop classification
and emphasizes the importance of learning temporal patterns during the self-supervised
pre-training stage. Further, it discusses the development of a dataset for conducting
spectro-temporal self-supervised learning experiments. The chapter provides a detailed
description of the methods, experimental setup, ablation studies, and results, concluding
with several discussion points for the spectro-temporal self-supervised learning algorithm.

Chapter 6 presents the paper “BERT Bi-Modal Self-Supervised Learning for Crop
Classification Using Sentinel2 and Planetscope”. This chapter highlights the importance
of learning temporal patterns in the self-supervised pre-training stage. It further dis-
cusses how to develop a dataset to conduct spectro-temporal self-supervised learning
experiments. It provides a detailed description of methods, experimental setup, ablation
studies, and results, and ends with a few discussion points.

Finally, Chapter 7 conclude this thesis by summarizing the major findings and key
takeaways from this work. The chapter addresses major challenges and provides an out-
look for future directions.



CHAPTER 2
Preliminaries

This chapter covers the preliminaries required for both remote sensing and machine learn-
ing. The first part covers topics related to remote sensing.

It is organized as follows. Subsection 2.1.1 discusses Sentinel2, a satellite mission from
ESA. This is followed by Subsection 2.1.2, which covers the different channels or bands
of Sentinel2. Section 2.1.3 provides an overview of the conventional approach to land
surface analysis using optical remote sensing satellites. The workflow of Google Earth
Engine (GEE) for obtaining Sentinel2 images is described in Subsection 2.1.4. Finally,
Subsection 2.1.5 introduces Planetscope, a constellation of small satellites operated by
Planet Labs, and describes the procedure used to obtain Planetscope imagery

The second part will cover the basics of machine learning. Subsections 2.2.1, 2.2.2, 2.2.3,
2.2.4, 2.2.5, and 2.2.6 provide an overview of neurons, loss functions, gradient descent,
different types of machine learning, distributed machine learning, and different network
architecture used in this work respectively. Finally, the concluding section highlights the
intersection of remote sensing and machine learning fields.
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2.1 Introduction to Remote Sensing

In the context of this work, remote sensing refers to the process of detecting and monitor-
ing the physical properties of the Earth’s surface by measuring the reflected and emitted
radiation from satellites, drones, or aircraft. In remote sensing, sensors capture the re-
flected or emitted radiations across different wavelengths. These sensors record an electri-
cal signal that is proportional to the received radiation. Each wavelength conveys unique
information about the land surface characteristics. Remote sensing finds applications in
a wide range of domains, including environmental monitoring, disaster prevention, land
cover mapping, crop yield estimation, and others, analyzing this data is crucial for human
understanding and decision-making.

This chapter focuses on land cover satellite images from various satellite missions that
have been launched to date, for example, Landsat! and MODIS (ORNL DAAC 2018)
from NASA, Sentinel satellite missions from ESA (ESA 2021), and commercial satellite
missions like Planetscope?. These satellites typically use scanning techniques such as
push-broom (using a line of detectors parallel to the satellite’s motion) or side-looking
scanners (scanning at an angle to the satellite’s path) to capture images. Their wide
swath widths enable broad coverage and frequent revisits. Once captured, the imagery is
transmitted to ground stations for processing and distributed to end-users. For landcover
monitoring, there are two main types of remote sensing images: optical remote sensing
images and synthetic aperture radar (SAR) images. Optical remote sensing images are
captured by sensors that record the reflected sunlight across various wavelengths of the
electromagnetic spectrum. In contrast, SAR images use microwave signals instead of
sunlight to monitor the Earth’s surface. The sensors in SAR systems record backscattered
radar signals to form images. While optical sensors provide information about the surface
and cannot penetrate through clouds, vegetation, soil, and other obstacles, SAR can
penetrate through these objects. Optical remote sensing is primarily used for applications
such as land cover classification, vegetation analysis, and surface monitoring. On the other
hand, SAR is used for tasks like terrain mapping, disaster monitoring, and others. While
some researchers use SAR for vegetation analysis due to its resilience to cloud cover,
however, this study focuses on optical remote sensing data.

2.1.1 Sentinel2

Sentinel2 is an advanced Earth observation satellite mission developed by ESA as a part
of the Copernicus program?. It consists of a constellation of two satellites, Sentinel-2A
and Sentinel-2B, orbiting the Earth in a sun-synchronous polar orbit. Launched in 2015,
Sentinel2 has aided research and developments in the field of optical remote sensing ap-
plications due to its advanced imaging capabilities, high spatial resolution, and global
coverage. The ability to produce images of the entire globe every 5-6 days has made

Thttps://www.usgs.gov/landsat-missions
2https://api.planet.com
3https://scihub.copernicus.eu/
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Sentinel2 a valuable resource for various applications, including environmental monitor-
ing, agriculture, change detection, forestry, urban planning, disaster management, and
natural resource management. Since 2017, Sentinel2 has been providing atmospherically
corrected and orthorectified images using data fusion techniques, enabling researchers to
enhance their analyses using high-quality images. A detailed explanation of the atmo-
spheric correction algorithm is given in Chapter 4.

2.1.2 Multi-Spectral Optical Remote Sensing Images

After providing a brief introduction to the benefits of optical remote sensing earlier, this
section will elaborate further on multi-spectral remote sensing images, with a specific
focus on Sentinel2. Optical imagery is collected by sensors that record electromagnetic
radiation across a wide range of wavelengths, encompassing the visible, near-infrared
(NIR), and shortwave infrared (SWIR) regions of the electromagnetic spectrum. Figure
2.1 illustrates the wavelength distribution of all the bands in the Sentinel2 satellite mission.
Table 2.1 provides a comprehensive overview of Sentinel2’s spectral capabilities, detailing
each band’s number, spectral channel, wavelength range, and spatial resolution. This
table summarizes Sentinel2’s wide range of spectral bands, encompassing coastal aerosol
detection, visible channels, red-edge and multiple NIR bands, and multiple SWIR bands.
Each of these bands provides distinct insights into various aspects of the Earth’s surface
properties.
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Figure 2.1: Wavelength distribution of each Sentinel2 bands. Figure taken from 2.
VIS = Visible bands
NIR = Near infrared bands
SWIR = Shortwave infrared
TIR = Thermal infrared

a= https://blogs.fu-berlin.de/reseda/sentinel-2

2.1.3 Land Surface Analysis from Optical Remote Sensing Satellites

The NIR band is of particular interest for this study due to its capability to capture
crucial information about the health, composition, and characteristics of vegetation on the


https://blogs.fu-berlin.de/reseda/sentinel-2
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Table 2.1: Spectral and spatial resolution of each bands of Sentinel2.

Band number | Spectral channel | Wavelength [pm] | Spatial resolution [m/px]
1 coastal aerosol 0.429-0.457 60
2 blue 0.451-0.539 10
3 green 0.538-0.585 10
4 red 0.641-0.689 20
) red edge 0.695-0.715 20
6 red edge 0.731-0.749 20
7 red edge 0.769-0.797 20
8 NIR 0.784-0.900 10
S8a narrow NIR 0.855-0.875 20
9 water vapour 0.935-0.955 60
10 SWIR cirrus 1.365-1.385 60
11 SWIR 1.565-1.655 20
12 SWIR 2.100-2.280 20

Earth’s surface. Healthy vegetation strongly reflects NIR light while absorbing red light,
owing to the presence of chlorophyll in leaves. The relationship between these spectral
bands and plant properties makes the NIR band invaluable for various applications, such
as monitoring crops, forests, grasslands, and related tasks like detecting stress, diseases,
and changes in growth patterns. The vegetation state of the surface is measured using
vegetation indices, which are derived from the relationship between the NIR and red
channels. The most widely used vegetation index is the Normalized Difference Vegetation
Index (NDVI), calculated as:

NIR —R
NIR+R

Equation 2.1 highlights the contrasting reflectance properties of vegetation in the NIR
and red regions of the electromagnetic spectrum, enabling the quantification of vegetation
health and density.

The NIR channel’s ability to capture vegetation characteristics makes it an important
element for land cover classification tasks. Different land cover types exhibit distinct NIR
reflectance properties - areas with dense vegetation like grasslands and forests strongly
reflect NIR light due to the presence of chlorophyll in plants. In contrast, water bod-
ies, drought-affected regions, industrial areas, and urban residential zones have relatively
lower NIR reflectance. These contrasting NIR reflectance signatures across various land
cover classes serve as a valuable discriminative feature for land cover classification models.
The other applications where NIR plays an important role are assessing the extent and
severity of burns caused by wildfires by detecting changes in vegetation health, estimating
turbidity which is important for the water quality analysis, evaluating the distribution and
health of green spaces in urban areas, aiding urban planning and infrastructure analysis,

NDVI =

(2.1)
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and also for determining soil moisture content, which is vital for optimizing agricultural
irrigation management practices. While these indices are traditionally derived from phys-
ical knowledge, modern machine learning models can now leverage the whole information
available across all spectral channels for these vegetation related applications.

2.1.4 Google Earth Engine

After discussing Sentinel2, its properties, and the importance of the NIR channel, in
this section, the ESA’s open data policy is discussed with respect to Sentinel2 data and
different ways to acquire Sentinel2 data. The Copernicus program officially provides a
RESTful API, named Sentinel Hub API*, as an interface to access various satellite imagery
archives from Sentinel2. This API enables access to raw satellite data, rendered images,
statistical analysis, and other functionalities related to Sentinel2 data.

Alternatively, one can use GEE (Gorelick et al. 2017b), a cloud-based platform created
by Google for Earth observation data analysis. GEE has downloaded data from several
Earth observation sources, including Sentinel2, and hosts them on their servers. By
signing up with a Google account, users receive API credentials to access the digital
platform and leverage its tools and libraries for geospatial analysis. Users can perform
research directly on the GEE platform using its code editor and the built-in visualization
tools for interactive maps, time-lapse animations, and more. GEE also provides a Python
framework for local analysis. In this work, GEE is preferred due to its ease of use, although
there are many other sources available.

The flowchart 2.2 illustrates the step-by-step process to obtain data from GEE:

2.1.5 Planetscope

Besides various national space agencies, there are also private companies conducting sim-
ilar Earth observation satellite missions. Among these, Planetscope stands out as a con-
stellation of more than 100 small satellites—known as Doves—developed and operated by
Planet Labs, California, USA. This “swarm” configuration, with over one hundred satel-
lites in low Earth orbit, allows Planetscope to achieve near-daily global coverage by revisit-
ing the same locations at frequent intervals. The constellation is continuously expanding,
with new launches further improving both coverage and revisit rates. Planetscope satel-
lites have been providing data since 2018, and current models achieve a spatial resolution
of approximately 3-4 meters, which is particularly advantageous for studies requiring
detailed land surface information. These capabilities facilitate time-sensitive monitor-
ing tasks such as tracking agricultural growth cycles, assessing land-cover changes, and
supporting rapid response to natural disasters. Planet Labs preprocesses Planetscope
imagery and delivers it projected onto the Universal Transverse Mercator (UTM) grid,
allowing seamless integration with other remote sensing products such as Sentinel2. In
this thesis, the Planetscope dataset was obtained from an existing dataset that provided
these satellite readings, though Planet Labs also offers users a dedicated web platform

4https://documentation.dataspace.copernicus.eu/APIs/SentinelHub/ApiReference.html
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to search, order, and directly download imagery, following procedures outlined in their
official documentation®. Access to Planetscope data is commercial, requiring licenses and
quota for downloads. However, a downside of Planetscope is that it offers fewer spectral
bands compared to some other missions. Furthermore, being a commercial venture, not
all users may be able to access its advanced data due to cost considerations.

2.2 General Overview of Machine Learning

In this section, a general overview of the fundamental concepts of machine learning is
provided, followed by a discussion on the applications of machine learning in remote
sensing for various land cover analyses.

Machine learning has become a ubiquitous term across numerous fields. Traditional
models often rely on sequential algorithms or numerical solutions based on mathematical
formulations such as partial differential equations (PDEs) (Samuel 1959). These algo-
rithms use explicit subroutines to produce desired outputs. In contrast, machine learning
tunes the black box using a set of input-output pairs. To train a machine learning model,
one must define a model architecture with variable parameters and a set of user-defined
hyperparameters.

The Perceptron model (Rosenblatt 1958) was the first basic model developed in this
field. Often compared to a biological model of a single neuron, the Perceptron is a
single-layer network that processes multiple inputs to produce a single output, either a
classification score or a regression value. The model’s weights represent linear weights in
a linear hyperspace. These weights are parameterized and optimized iteratively by min-
imizing a loss function, which penalizes predictions that deviate from the actual output.
Since the Perceptron, ideas, and strategies have advanced significantly beyond its simple
linear mapping capabilities. Most neural networks in use today comprise multiple layers
to capture complex relationships. Additionally, the use of activation functions enables
non-linear mapping from input to output, a capability the original Perceptron lacked.
Figure 2.3 illustrates the difference in complexity between the Perceptron and a multi-
layer perception (MLP), a type of neural network. The architectures used in this work
is discussed in Chapters 4, 5, and 6. These more advanced models build upon the foun-
dational concepts introduced by the Perceptron, allowing for more sophisticated analysis
and prediction in remote sensing applications.

2.2.1 Neuron

The neuron is the fundamental building block of neural networks. As illustrated in the
right panel of Figure 2.3, each neuron is connected to other neurons in the previous
layer receiving inputs from them, and is also wired to neurons in the subsequent layer,
propagating its output. This connectivity pattern indicates that a neuron takes inputs
from the preceding layer, applies a transformation within itself, and then passes the result

Shttps://docs.planet.com /platform/get-started /access-data/order-imagery /
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Figure 2.3: Difference in the complexity of Perceptron and Neural Network. ”f” in the figure refers to
any activation function (Figure 2.4)

to the next layer. Equation (2.2) gives the mathematical formulation of the transformation
inside the neuron.
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Where 05.[) denotes the output of the j* neuron in the I’ layer, by) is the bias weight for
that neuron, ) represents the weight associated with the connection from the i neuron

ij
in the previous layer to the j neuron in the current layer, and al(l_l) is the output of

the " neuron in the previous layer passed through an activation function f as shown in
the Equation (5.1c). The activation functions employed in this thesis include sigmoid,
hyperbolic tangent (tanh), rectified linear unit (ReLU), and leaky ReLU. These non-
linear activation functions allow neural networks to learn and model complex, non-linear
relationships in data. Without them, the network would only be capable of learning linear
transformations. This further allows the stacking of multiple layers. Figure 2.4 presents
plots illustrating the behavior of each of these activation functions.

The equations for the various activation functions employed in this thesis are given by
Equation (2.3).

sigmoid(x) = % (2.3a)
ranh(x) = SR 1 (2.3b)

- I+exp(x)
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In addition to the activation functions discussed earlier, the softmax function is also
used in this work for multi-class classification problems. The output layer contains neurons
equal to the number of classes in the problem. The softmax activation aims to obtain
a probability distribution over all the classes. Equation (2.4) formulates the softmax
function mathematically:

exp(xi)

softmax(x;) = M

(2.4)

Where x; represents the input to the i*" output neuron, and N is the total number
of output neurons (classes). The softmax function normalizes the inputs such that the
outputs sum to 1, effectively providing a probability distribution over the classes. Fig-
ure 2.5 provides a visual illustration of the softmax activation function. It depicts how
the raw outputs from the previous layer are transformed into a probability distribution
by the softmax, enabling the network to make probabilistic predictions for multi-class
classification tasks.
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2.2.2 Loss Functions

Loss functions, also known as objective functions or cost functions, serve the purpose
of estimating the error that a model makes with its current weights. These functions
determine how to update the network’s weights in each iteration, with the goal of gradually
reducing the error over successive iterations. The weight updating process is carried out
using the gradient descent method, which will be discussed in the next section. The
general loss functions employed in this thesis are MSE, binary cross-entropy, and cross-
entropy. It is important to note that for binary cross-entropy, the activation function used
in the final output layer is the sigmoid function, which predicts a probability between 0
and 1. On the other hand, for cross-entropy, the softmax activation function is used,
ensuring that the sum of all probabilities is 1. The mathematical formulations for MSE,
binary cross-entropy, and cross-entropy are given by Equations (2.5a), (2.5b) and (2.5¢),
respectively.

N
Z fo(xn) (2.5a)

n—=

ZIH

mse -

—

N
lbce = ynlog f@ xn )+ (1 _yn)(l - lOg(fe(xn)))) (25b)

n:1

nclOg fo (xnC))) (2'5C)

||Mq

In these Equations (2.5), fg denotes the neural network with parameters denoted by 6.
X, represents the data sample, and y, is the corresponding ground truth value for that
data sample.
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2.2.3 Gradient Descent

Gradient descent is an optimization algorithm that is used to update the weights in the
machine learning models. The loss function, as discussed earlier, estimates the error in
the current weights. Since the loss is a scalar-valued vector function, its derivative yields
a gradient vector. The weights are then updated along the negative gradient direction
using a small step size, as shown in Equation (2.6).

9,'.,.1 = 91‘ — T]Vf(@)) (2.6)

This step size is called the learning rate, denoted by 1 in the equation. The typical
learning rate is le —2 to le —3. The terms 6; and 6,1 represent the old and new weight
values, respectively.

This iterative approach adjusts the weights in small increments, gradually converging
towards an optimal solution. A larger learning rate may cause divergence and yield
suboptimal weights, while a smaller learning rate will require more iterations to converge.
In complex and deep networks, a learning rate scheduler is often used to gradually decrease
the learning rate as the number of steps increases. The gradient is typically calculated
using the backpropagation algorithm (Rumelhart, Geoffrey E Hinton, and Williams 1986),
where the derivatives are computed recursively layer by layer, starting from the final
layer and propagating back to the input layer. While conventional gradient descent can
be slow to converge, momentum-based optimizers like Adam (Kingma and Ba 2015) use
the momentum of previous gradients to determine the new weight updates, potentially
accelerating convergence.

2.2.4 Classification of Machine Learning

Supervised learning and unsupervised learning are two primary types of machine learning.
Supervised learning involves training models using labeled data, exemplified by tasks like
the ImageNet image classification (Russakovsky et al. 2015). In contrast, unsupervised
learning operates without explicit labels, relying solely on the inherent structure of the
data. This section only focuses on supervised and unsupervised learning to provide con-
text for self-supervised learning. Supervised learning comprises various tasks, including
multi-class classification, binary classification, and regression. This branch of machine
learning has evolved to incorporate diverse architectures such as neural networks, convo-
lutional neural networks (CNNs), and recurrent neural networks (RNNs). Unsupervised
learning comprises algorithms like K-means clustering (MacQueen n.d.), Expectation-
Maximization (Dempster, Laird, and Rubin 1977), K-Nearest Neighbors (Cover and Hart
1967), and DBSCAN (Ester et al. 1996). However, these traditional methods often face
challenges when applied to high-dimensional data such as images or text. Self-supervised
learning emerges as a distinct paradigm that, like unsupervised learning, does not require
human-annotated data. However, it differs from both supervised and unsupervised ap-
proaches. Instead of using pre-defined labels or completely unlabeled data, self-supervised
learning generates labels through heuristic algorithms during the learning process. This
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approach bridges the gap between supervised and unsupervised methods, offering a unique
solution to the challenges of data labeling and high-dimensional data analysis. This ability
of self-supervised learning overcomes the limitation of both supervised and unsupervised
learning. In practice, it faces on issue how to train such huge amount of data effeciently.
Thus, distributed machine learning techniques progresses the field by facilitating the self-
supervised learning algorithm to efficiently train on such large scale of data. The next
subsection explains different types of distributed machine learning techniques.

2.2.5 Distributed Machine Learning

The increasing use of massive datasets, containing millions to billions of samples, has
highlighted memory constraints that limit batch sizes and extend training times. Si-
multaneously, the trend towards extremely large machine learning models often exceeds
available memory capacity, necessitating model distribution across multiple nodes. This
approach, known as distributed machine learning, encompasses two main strategies: data
parallelism and model parallelism. Data parallelism replicates the entire model across
multiple computational nodes while distributing data shards, effectively increasing batch
size. Conversely, model parallelism divides large models into chunks, distributing these
across multiple nodes. In this approach, data batches flow sequentially through each
model chunk, with outputs transferred between devices. Data parallelism further subdi-
vided into two types: standard data parallelism and data-distributed parallelism, each
optimized for different applications. A novel approach, Fully Sharded Data Parallelism
(FSDP) (Y. Zhao et al. 2023), combines model parameters and optimizer sharding to
achieve data parallelism benefits in a model-sharded setting with a slight overhead. Fig-
ure 2.6 illustrates the distinction between data and model parallelism (S. Li et al. 2020a).

2.2.6 Network Architecture

2.2.6.1 Resnets

Resnets (He, X. Zhang, et al. 2015) employ a skip connection mechanism to conventional
CNNs. Prior to Resnets in the category of convolution networks, LeNet (Lecun et al.
1998), and Alexnet (Krizhevsky, Sutskever, and Geoffrey E. Hinton 2012) were developed
but these networks did not facilitate deeper layers. The skip connection connects the out-
put of the convolution layer to its input with a parallel connection. This skip connection
enables the deeper models to overcome the issue of vanishing and exploding gradients.
The skip connection mechanism led to the rise of deeper Resnets with layers as much as
151. In our work, we used two variants of Resnets i.e., Resnet18 and Resnet50. The layer
by layer connection is shown in Figure 2.7.

226.2 LSTM

LSTM, which stands for Long Short-Term Memory, is an autoregressive model intro-
duced by (Hochreiter and Schmidhuber 1997). It was created as an improved variant
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Figure 2.7: Layer by layer connection of Resnet18 and Resnet50. All the green boxes represent
the convolution layer. Each cell is a residual block whose output is added to the output of the next
residual block using a skip connection. Image is passed from bottom to top i.e. the first layer is 64 filters
of 7 x7 kernel size with stride 2 and the last layer is the average pooling.
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Figure 2.8: An LSTM network.

of the Recurrent Neural Network (RNN). Compared to standard RNNs, LSTM demon-
strates superior capability in capturing long-term dependencies within sequences. The
architecture of all recurrent networks, including LSTM, consists of a chain of repeating
modules, as illustrated in Figure 2.8. Each module processes two inputs: the current word
representation and a historical state representation that encapsulates information from
all previously processed words. An LSTM cell uses this information to predict the sub-
sequent word in the sequence. These LSTM cells maintain consistent weights throughout
the network. The key advantage of LSTM over vanilla RNNs lies in its ability to retain
relevant information over extended sequences, making it particularly effective for tasks
involving long-range dependencies in data.

The structure of an LSTM cell incorporates several gates, as illustrated in Figure 2.9.
These gates enable the LSTM to modify, augment, or eliminate information within the
cell state. The input gate, utilizing a sigmoid function, regulates the extent to which new
input is incorporated into the current state. Meanwhile, the output gate governs how
the memory cell impacts the present time step. The mathematical operations occurring
within each LSTM cell are represented by the set of equations shown in Equation (2.7).

Fi = 6(XiWy + H;—1Wy; + b;)

Iy = o(X;Wyp + H,—1Wyp +by)
0y = 6(X;Wyo + H;—1Wpo + b,) (2.7)

C, = tanh(X;Wxe + Hy—Wpe + b,

G=F-C.1+I-C
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Figure 2.10: Bi-LSTM neural network structure (Xiang, Jinyong et al. 2020)

Despite their improved ability to capture long-term dependencies, LSTM cells still
face challenges related to Backpropagation Through Time (BPTT). BPTT is the algo-
rithm used to train recurrent neural networks, including LSTMs, by unrolling the net-
work through time and applying the chain rule of derivatives. In sequential models like
LSTMs, each word’s representation depends on all preceding words. This sequential na-
ture, combined with the shared weights across time steps, leads to the application of
BPTT. To address these limitations, researchers developed the bi-directional LSTM ar-
chitecture (Cornegruta et al. 2016). This approach processes sequences in parallel from
both left-to-right and right-to-left directions, as illustrated in Figure 2.10. By consider-
ing both past and future context simultaneously, bi-directional LSTMs can mitigate the
vanishing or exploding gradient problems associated with early words in the sequence.
This bidirectional processing allows the model to capture more comprehensive contex-
tual information, enhancing its ability to learn from long sequences and improving overall
performance on various natural language processing tasks.
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2.2.6.3 Inception Network

The inception network, introduced by Google (Szegedy et al. 2014), emerged as an in-
novative alternative to traditional convolutional networks. At the core of these networks
are inception modules, which form their distinctive architecture. Figure 2.11 illustrates
the structure of an inception module. In an inception module, input data is processed
concurrently through three parallel convolutional layers, each with a different kernel size.
This design aims to capture object features at various scales by employing both larger and
smaller kernels simultaneously at the same network depth. A complete inception network
is constructed by stacking multiple inception modules.

The inception-time network (Fawaz et al. 2019) adapts this concept for time series data
analysis. It replaces the 2D convolutional layers of the original inception network with
1D convolutional layers. By utilizing three different kernel sizes, the network gains the
ability to learn filters that capture both global and local patterns in the time series data.
Figure 2.12 shows the overall architecture of the inception-time network.

2.2.6.4 Transformers

The transformer model, introduced by (Vaswani et al. 2017), was initially developed to
address language translation challenges. A key component of these models is the attention
mechanism, which operates as follows: Consider the sentence “Tom reads books”. Each
word is tokenized and represented by a continuous d-dimensional vector. For instance,
“Tom” is represented as a vector in R%. The attention mechanism relies on three crucial
elements: queries, keys, and values. The initial vector representation is transformed
through different linear layers to obtain these elements for each word, as illustrated in
Figure 2.13.

As depicted in Figure 2.13, the query of each word interacts with the keys of all words,
including itself. This interaction computes the cosine similarity between words, quantify-
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Figure 2.14: Multi-head self-attention (Vaswani et al. 2017).

ing their relatedness. The resulting cosine distances are then processed through a softmax
activation function, yielding a probability distribution or weighted importance. The out-
put for each word from an attention layer is obtained by multiplying these weights with
the corresponding value vectors.

Transformer architectures typically employ multiple attention heads operating in par-
allel within each attention block. The features from these heads are concatenated and
passed through a linear layer followed by a non-linear activation function, as shown in
Figure 2.14

Our focus has been on classification tasks, so we utilized only the encoder component of
the original transformer network. The following explores position-encoded transformers
used as a base model for crop classification.

2.2.6.5 Position Encoded Transformer

We implemented our position encoded transformer on Sentinel2 i.e. time series data
containing the measured reflection value of a pixel over a year. The attention mechanism
is position invariant and position i.e. the sequence of events happening plays an important
role, hence in an initial layer before passing it to the first attention block, the sinus and
cosinus embedding equivalent to the shape of input are added. The sinus and cosinus
embeddings are shown in the Equation (2.8).

PE( iy = Sin(t/lOOO()Zi/dmodez)

] 2.8
PE( 21y = cos(t/ 1000021/dmodgz) (2.8)

The output of the final attention block which contains embedding for each output is
passed through a max pooling. This max pooled layer is fed to a linear layer predicting
logits for a standard classification task. Figure 2.15 shows the overall architecture of the
model we used for our classification task.
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Figure adapted from (Vaswani et al. 2017)

2.3 Machine Learning for Earth Observation Applications

Machine learning techniques, particularly CNNs, have gained significant traction in re-
mote sensing and Earth onservation applications (Bruzzone and B. Demir 2014; Hong et
al. 2021; Diakogiannis et al. 2019). CNN models have the capability to autonomously ex-
tract significant features from remote sensing imagery, thereby superseding the traditional
methodology that depends on domain-specific spectral indices for analysis. One of the
primary applications of machine learning in this domain has been land use and land cover
classification (Y. Chen et al. 2014). CNNs and recurrent neural networks (RNNs) have
demonstrated impressive performance on hyper-spectral, multi-spectral, and SAR data
for pixel-wise or object-based land use and land cover mapping (Hu et al. 2015; Makan-
tasis et al. 2015; Mou, Ghamisi, and Zhu 2017). Object detection from aerial/satellite
imagery is another area where machine learning models like Faster R-CNN, YOLO, and
SSD have achieved promising results for detecting objects such as vehicles, buildings, and
roads (Z. Zhao et al. 2018). Scene classification, involving categorization of the semantic
content (urban, forest, agriculture, etc.), has also benefited from deep CNNs (Cheng and
Han 2016). Deep learning has facilitated data fusion tasks like combining high spatial
resolution panchromatic and low resolution multi-spectral imagery through pansharpen-
ing techniques (Huang et al. 2015; Q. Yuan et al. 2017; Wei et al. 2017). These models
have outperformed traditional pansharpening methods. For image segmentation tasks (se-
mantic and instance), deep models like fully convolutional networks (FCNs) (Shelhamer,
Long, and Darrell 2016), SegNet (Badrinarayanan, Kendall, and Cipolla 2015), and U-
Net have enabled precise delineation of object/region boundaries (Audebert, Saux, and
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Lefevre 2017). Some other emerging applications include time series analysis (Cai et al.
2018), precipitation data retrieval (Tao et al. 2016), and integration of machine learning
with traditional object-based image analysis methods for urban land use mapping (Tong
et al. 2018). While most studies focused on high-resolution imagery, machine learning
models have been applied across different spatial resolutions, with urban areas and veg-
etated regions being the most commonly studied (L. Ma et al. 2019). Across various
tasks, machine learning models achieved high median accuracies, with scene classification
yielding around 95%, object detection around 92%, and land use and land cover classifica-
tion around 90% (L. Ma et al. 2019). Current research efforts are focused on algorithmic
advancements (He, X. Zhang, et al. 2016), addressing issues like lack of large annotated
datasets, class imbalance, computational requirements, and integrating domain knowledge
with data-driven machine learning approaches (L. Ma et al. 2019). The success of ma-
chine learning in Earth observation applications can be attributed to the powerful feature
learning capabilities of deep neural networks, which distinguish them from conventional
algorithms for remote sensing image analysis.






CHAPTER 3

Related Works

This chapter provides a comprehensive exploration of self-supervised learning techniques.
As previously discussed, self-supervised learning serves as a crucial link between super-
vised and unsupervised learning paradigms, offering an unique approach to machine learn-
ing challenges encountered in both of these paradigms. To understand the power of
self-supervised learning, it is important to know the concept of transfer learning. Trans-
fer learning was originally developed to improve the performance of supervised mod-
els (Zhuang et al. 2019). Transfer learning is a technique that allows knowledge gained
from solving one problem to be applied to a different but related problem. It has been
instrumental in enhancing the performance of models trained on limited labeled data by
leveraging knowledge from models trained on large datasets in a different domain. Trans-
fer learning involves storing knowledge from a previous training phase, typically performed
on a large labeled dataset. In many domains, abundant unlabeled data is available, and
the idea behind self-supervised learning is to leverage this data to learn an initial state or
representation.

In self-supervised learning, the training process without labels is called pre-training,
and the task is referred to as a pretext task. The pretext task is a proxy task that has
no real-world application but serves as a means to learn useful representations from the
data. One such pretext task is Rotnet (Gidaris, Singh, and Komodakis 2018) where the
image is rotated in one of four orientations (0°,90°,180°,270°) and the model is trained to
predict the rotation angle as a four-class classification problem. These pretext tasks allow
the model to learn from a large amount of available unlabeled data. Once pre-trained,
the knowledge gained by the model can be transferred via transfer learning to learn a
real-world task where only a limited amount of annotated data is available. The task
for which the weights of the pre-trained models are used is called the downstream task.
The performance of the model on these downstream tasks determines the quality of the
representations learned during the self-supervised pre-training phase.
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Figure 3.1: Taxonomy of self-supervised learning.

The field of self-supervised learning has witnessed several advancements. This chapter
consists of 4 sections describing each type of self-supervised learning. The first section
briefly highlights the role of autoencoders, which were among the initial self-supervised
approaches. The second section covers the next generation of self-supervised learning
methods that involves learning auxiliary tasks. The third section details pretext tasks
based on instance discrimination loss. This instance discrimination-based self-supervised
learning approach is primarily used in this work. The fourth section discusses BERT, an
training technique developed from the NLP community, which is used for encoding word
into a vector representation. Figure 3.1 presents a taxonomy of self-supervised learning
methods. The last section briefly highlights the multi-modal contrastive learning, an
extended variant of contrastive loss to a multi-modal setup.

3.1 Autoencoders

Autoencoders are a type of neural network designed to learn compact representations of
input data in an unsupervised manner (Goodfellow, Bengio, and Courville 2016). The
core idea behind autoencoders is to first encode or compress the high-dimensional input
data into a lower-dimensional latent space through an encoder network. This compressed
representation is then passed through a decoder network, which attempts to reconstruct
the original input data from the encoded representation. In autoencoders, both the en-
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Figure 3.2: General structure of autoencoders. The encoders could be any network i.e. MLP,
convolutional, or LSTM depending on the data. Here, the objective is to first compress the data and
from the compressed data, the decoder reconstructs it.

coder and decoder are trained together to minimize the reconstruction error between the
input and the reconstructed output, thereby learning an efficient encoding in the latent
space that captures the most salient features of the data. Various neural network ar-
chitectures can be employed as autoencoders, including standard feedforward networks
(MLP) (Goodfellow, Bengio, and Courville 2016), CNN (Masci et al. 2011) suitable for
image data, and recurrent networks like LSTMs for sequential data (Sagheer and Koth
2019). Figure 3.2 illustrates the basic schematic of an autoencoder, consisting of an
encoder and a decoder component.

As illustrated in Figure 3.2, autoencoders do not require annotated data, as the model’s
output is the reconstructed input data itself from a lower-dimensional latent space, sim-
ilar to principal component analysis (PCA) (F.R.S. 1901). To ensure that the lower
dimensional representation is meaningful, a decoder network is employed, to reconstruct
the original data. The motivation behind learning a lower-dimensional space is to en-
able the use of conventional unsupervised algorithms, such as K-means clustering, on
high-dimensional data such as images. Due to this compression capability, autoencoders
are often referred to as non-linear PCA. The application of autoencoders for clustering
land cover data in lower dimensions faces significant challenges. Firstly, autoencoders
inherently underperform (Shwartz-Ziv and LeCun 2023), and secondly, the nature of re-
mote sensing images differs substantially from that of natural images, as discussed in the
previous chapter, makes it difficult to reconstruct. These complications have hindered
the effective use of autoencoders for self-supervised learning on remote sensing images.
Various autoencoder variants have been developed to enhance the performance of vanilla
autoencoders, including denoising autoencoders (Vincent et al. 2010), split-brain autoen-
coders (R. Zhang, P. Isola, and Efros 2016b), colorization autoencoders (R. Zhang, P.
Isola, and Efros 2016a), and in-painting autoencoders (Pathak et al. 2016). Denoising
autoencoders are designed to take noisy version of the sample and reconstruct the origi-
nal sample, thereby improving the model’s robustness to noise. In the case of split-brain
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autoencoders, an image is diagonally divided, and the model learns to reconstruct one half
from the other. Colorization autoencoders take grayscale images as input and generate a
possible color version, while inpainting autoencoders learn to fill in the randomly removed
patch from an image. A significant challenge with autoencoders is the difficulty in training
deeper layers, as vital information may be lost during the encoding process, potentially
limiting the model’s ability to accurately reconstruct inputs. To address this issue, stacked
autoencoders (Vincent et al. 2010) were developed, which train each layer iteratively be-
fore fine-tuning the entire model. Despite all these advancements, autoencoders still lag
behind alternative algorithms in some applications (Shwartz-Ziv and LeCun 2023).

3.2 Auxiliary Tasks

The second approach to self-supervised learning involves solving auxiliary tasks. Here,
explanation of such methods are discussed in the context of computer vision. The core
idea behind this type of self-supervised learning is to train the model without relying on
a decoder to reconstruct the original data, as illustrated in Figure 3.3.

One such auxiliary task is RotNet (Gidaris, Singh, and Komodakis 2018), which was
mentioned earlier. In this approach, the pretext task of predicting the rotation angle of
an image does not constitute a meaningful application, but it does not require manual
annotation. This allows for utilizing a large number of images to obtain a pre-trained
model. Another widely-used algorithm in this category involves learning context pre-
diction (Doersch, Gupta, and Efros 2016). In this task, the image is divided into nine
(3 x 3) patches, and randomly selected patch, along with the central patch, is given as
an input the model and model learns to identify one of the eight relative positions of the
randomly selected patch with respect to the central patch. An extension of the context
prediction task is solving jigsaw puzzles (Noroozi and Favaro 2017) created from the im-
age. In this approach, the authors proposed an algorithm in which the image is divided
into nine patches. However, instead of using eight configurations, this algorithm has a
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pre-defined set of, say, 100 permutations of the nine patches stored with an index in a dic-
tionary. These nine patches are fed to the convolutional network separately and merged
at later stages. The pretext task is to identify the pre-defined index, i.e., 1 out of the 100
pre-defined permutation indices. This approach provides more robustness compared to
the previous algorithm. While models pre-trained with these auxiliary tasks have shown
promising results, the final layers of the network become specifically optimized for the
pretext task. As a result, when these models are transferred to new tasks, they often fail
to demonstrate comparable improvements (Misra and Maaten 2019).

3.3 Instance-Based Discriminative Methods

Instance-based discrimination approaches consider each individual sample in the dataset
as a distinct class. To expand the dataset, each sample undergoes augmentation to create
additional instances. However, this method presents a significant challenge: assigning
a unique class label to every sample would result in an exceptionally large number of
classes. Consequently, training a classification model with such an enormous number of
classes becomes computationally intensive and impractical. To address this issue, a pre-
text task is crafted that preserves the similarity between the original data sample and
its augmented version, in other words, the model is trained to learn the concepts that
maximizes the mutual information between two views. There are different approaches to
maximize this mutual information. These methods typically employ a Siamese-style net-
work setup, consisting of two parallel networks, where the parameters may be shared or
separated, depending on the specific approach. In order to achieve the desired objective,
the research community has developed various loss functions to optimize. In summary, the
key factors in instance discrimination methods are the type of loss function used and the
transformations applied to generate augmented data samples. The loss functions aim to
maximize the similarity between representations of an original sample and its augmented
counterpart while pushing apart representations of different samples. The choice of data
augmentation transformations is also crucial, as they should introduce meaningful vari-
ations that preserve the underlying content while creating diverse augmented views. By
treating each sample as a separate class and optimizing for instance-level similarity, self-
supervised methods learn rich and discriminative representations from unlabeled data,
which were found beneficial for downstream tasks through transfer learning. The fol-
lowing sub-sections will discuss these different loss functions and general transformation
used to generated an augmented sample. The taxonomy of these models has been slightly
modified from the one mentioned in the lecture notes on instance-based self-supervised
learning from New York University (NYU)!.

thttps://atcold.github.io/NYU-DLSP21 /en /week10/10-1/
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3.3.1 Loss Functions

3.3.1.1 Contrastive

For instance-based discrimination methods based on contrastive learning, the core idea
is to align the representations of an original data sample and its augmented version,
while simultaneously ensuring that the representations of all other samples have distinct
embeddings. The InfoNCE (Oord, Y. Li, and Vinyals 2018) loss function is one of the
first in category designed to learn non-trivial representation. Other notable algorithms
developed under this category include SimCLR (T. Chen et al. 2020) and MoCo (He,
Fan, et al. 2019). These contrastive methods aim to develop representations with two
crucial properties: alignment, where representations of an original sample and its aug-
mented counterpart should be similar in the embedding space, and uniformity, ensuring
representations of different samples are uniformly distributed and well-separated in the
embedding space. Replacing the specialized loss functions (like InfoNCE) with simpler
alternatives such as MSE often leads to a trivial solution, where the model weights might
optimized to the value of 0, resulting in a 0 vector for all samples in the embedding space.
While this satisfies the alignment condition, but it violates uniformity, a phenomenon
known as dimensional collapse, as demonstrated in (Tian et al. 2020). Most of the work
in this thesis is based on contrastive learning, so all the loss functions in this category are
thoroughly discussed.

InfoNCE

InfoNCE (Contrastive Predictive Coding) (Oord, Y. Li, and Vinyals 2018) is an unsu-
pervised learning approach introduced to extract meaningful representations from high-
dimensional data. This self-supervised method can be applied to various data types,
including audio, images, and text. The core principle behind InfoNCE is the maximiza-
tion of mutual information between representations. The InfoNCE formulation considers
a set of N random samples, comprising one positive sample and N — 1 negative samples.
The objective is defined by Equation (3.1), where the positive sample fi(x;1x,¢;) is de-
rived from the joint density p(x;ix,c;). This approach formed the basis for the initial
application of Noise Contrastive Estimation (NCE) (Mnih and Kavukcuoglu 2013) to im-
age data. fi represents a neural network that takes inputs from both the context ¢; and
the complementary pair x. The network can be used for binary classification tasks. For
instance, it may predict class 0 if the complementary pair is positive (i.e., from the same
context) and class 1 if the sample is negative (i.e., from a different context).

Je(Xeix,¢r)
Ly = —E, |log=—————F— | , X ={x1,...x 3.1
N ! gij-Ska(xj7cl) { : ”} ( )
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SimCLR

SimCLR (T. Chen et al. 2020) extended the concept of InfoNCE by introducing a
straightforward approach to contrastive learning for visual representations. Through ex-
tensive experimentation, the authors of SImCLR developed a set of data augmentation
techniques to define an effective contrastive prediction task, resulting in robust represen-
tations. The method introduces a loss function called Normalized Cross-entropy, which
combines contrastive cross-entropy with temperature hyperparameter to enhance repre-
sentation learning. While the underlying principle is similar to InfoNCE, SimCLR differs
as it uses the normalized dot product between two views of an image, rather than em-
ploying a neural network f; as in the InfoNCE equation (Equation (3.1)).

Figure 3.4 provides a schematic illustration of the SimCLR algorithm. The process
begins by passing an image through a stochastic transformation pipeline to generate two
different but correlated views of the image. The loss function defined in Equation (3.2) is
minimized to optimize the learning process. By leveraging these augmentation strategies
and the normalized cross-entropy loss, SimCLR demonstrates the potential of simple
contrastive learning approaches in capturing meaningful visual representations without
relying on labeled data. This self-supervised method has shown impressive performance
on various downstream tasks, particularly in scenarios where labeled data is scarce.

exp(sim(zi,z;)/7)
Z/%ZL/(#J' exp(sim(z;,zx) /T)

Ly = —log (3.2)

The SimCLR algorithm uses a normalized dot product, denoted as “sim” in Equa-
tion (3.2), to measure the similarity between two views of the same image. In this
equation, z denotes the encoded representation of the image. The equation includes a
parameter T, known as the temperature, which controls the sensitivity of the loss func-
tion. The denominator of the equation takes all negative samples from the batch. A key
finding is that the generalization capability of the pre-trained model using SimCLR loss
improves with the increase in number of negative samples. However, this characteristic
makes such algorithms dependent on high computational memory resources. To address
the issue of large memory requirements, the authors of MoCo (He, Fan, et al. 2019) de-
veloped an algorithm that offers a solution to this challenge.

MoCo

MoCo (Momentum Contrast) (He, Fan, et al. 2019) is an extension of the SimCLR algo-
rithm. Unlike SimCLR, MoCo employs asymmetric networks, meaning the two networks
do not share weights. These networks are referred to as the base (or online) network and
the momentum (or target) network. During training, only the weights of the base network
(6,) are updated directly, while the weights of the momentum network (6;) are updated
using an Exponential Moving Average (EMA) of the base network’s weights, as shown in
Equation (3.3).
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Figure 3.4: General setup of instance based discrimination using contrastive learning. The left
part depicts a batch of data being passed through the model in an iteration. The contrastive loss function
operates on the embedding space, considering all the data samples simultaneously. The right figure
shows the distribution of representations in a hypersphere. Initially, before training, the representations
are randomly distributed. However, after training with an appropriate contrastive loss objective, the
representations of different views (augmented versions) of the same data sample become aligned, while
the representations of different samples are uniformly distributed on the hypersphere surface.

Gk:m9k+(1 —m)Gq (33)

MoCo uses a queue to increase the effective number of negative samples. This queue is
a large array that stores embeddings of negative data and is updated dynamically using
the First In First Out (FIFO) principle. At each iteration, new embeddings are added to
the queue, and the oldest embeddings are removed. These stored embeddings are used as
negative samples in the loss function, as defined in Equation (3.4). Here, g is the query
representation, ki represents the embedding of the positive sample, and k; used in the
denominator refers to the embeddings of the negative samples stored in the queue. Figure
3.5 illustrates the general setup of the MoCo algorithm.

exp(q’ky)/7)
X ((exp(q"ki/7)

In practice, the size of the queue is significantly larger than the batch size. For instance,
in the original paper, with a minibatch size of 256 for their 8 GPU training setup, the
queue size was set to 65,536, which is 64 times larger. The embeddings added to the
queue must remain consistent with the weights of the current training iteration to ensure
stability. The EMA update mechanism helps achieve this consistency by gradually updat-
ing the weights due to the momentum effect, providing a stable training platform with a
larger number of negative samples from the queue. Figure 3.5 illustrates the experimental

Ly=— (3.4)
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Figure 3.5: General setup of MoCo algorithm. The different colors indicate that the weights of
the base and momentum networks are not shared. The momentum network is not directly trained; only
the gradients of the base network are updated. The target outputs are obtained from the momentum
network. To ensure stable training, the weights of the momentum network are updated using the EMA,
as shown by the dotted arrow in the figure. Negative samples are drawn from the dynamic queue on the
right side, that is updated after each iteration.

setup of MoCo algorithm.

LOOC

Leave-One-Out-Contrastive (LOOC) (Xiao et al. 2021) is a variant of contrastive learn-
ing that can be implemented along with existing contrastive self-supervised algorithms.
In the original paper, it was implemented using the MoCo algorithm. The primary goal of
LOOC is to develop a training strategy that allows the model to learn the nuances between
each transformation separately. This approach is advantageous for broader downstream
tasks, as some transformations may not be meaningful for certain tasks. LOOC is im-
plemented by using a shared backbone network but different projector networks for each
transformation. For example, given two transformations, T; and T, , the first augmented
view is a combination of both transformations and is passed to the projector 1. The
second view is generated using only transformation T and is passed to projector 2, while
the third view is obtained using transformation T, and is passed to projector 3. Each
projector has its own queue. For projector 1, the negatives are different data samples. For
projector 2, the negatives include other data samples and views obtained from transfor-
mation T,. Similarly, for projector 3, the negatives include other data samples and views
obtained from transformation T;. Each projector has its own contrastive loss, but they
share a common backbone network. This setup allows the model to learn both general
transformation properties and individual transformations during pre-training. Figure 3.6
(taken from the original paper) gives a visual description of the LOOC strategy.
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Figure 3.6: Experimental setup of LOOC algorithm.The figure shows an image of a parrot processed
through the same backbone network with different transformations. On the right side, all the transformed
images are passed through different projectors, denoted by h. For each embedding, the positive and
negative queries are varied accordingly. This approach enhances robustness across various downstream
tasks (Xiao et al. 2021).

The other instance-based discriminative loss functions mentioned subsequently were not
employed in this research. Therefore, they are briefly discussed to offer readers an insight
of other loss functions.

3.3.1.2 Clustering

This method aims to learn representations that capture instance-level similarity by as-
signing similar cluster assignments or scores to an original data sample and its augmented
version. The approach involves passing a batch of data samples through a model to ob-
tain representations of the samples in an embedding space. A clustering algorithm, such
as K-means, is then applied to these representations to assign cluster labels or scores to
each data point. These cluster assignments serve as pseudo-labels for the original data
samples. Next, the augmented versions of the same data samples are passed through the
model, and the model is optimized using a cross-entropy loss function, treating the cluster
assignments from the previous step as targets for the augmented data. Algorithms like
DeepCluster (Caron, Bojanowski, et al. 2018) and DeepClusterV2 (Caron, Misra, et al.
2020) follow this approach, where the cluster assignments are represented as one-hot en-
coded vectors corresponding to the cluster indices. An extension of this idea is to use
soft cluster assignments instead of hard assignments. In this case, rather than assign-
ing a single cluster index, each data point is associated with a distribution over multiple
clusters. The Sinkhorn-Knopp algorithm is employed to obtain these soft cluster assign-
ments or scores, which represent the degree of association between a data point and each
cluster (Cuturi 2013). Examples of instance discrimination methods using soft cluster
assignments include SeLa (YM., C., and A. 2020) and SwAV (Caron, Misra, et al. 2020).
Unlike contrastive algorithms, this approach focuses on aligning cluster scores directly,



3.3. Instance-Based Discriminative Methods 45

rather than aligning the representation vector in the projected space. Figure 3.7 illustrates
the clustering based instance discriminative loss.
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Figure 3.7: General setup of clustering based instance based discrimination algorithm. The
top part of the figure depicts the process where all data samples are passed through the model to obtain
representations in the embedding space. A clustering algorithm is then applied to these representations,
assigning cluster labels or scores to each data point. The augmented versions of the data samples are also
passed through the same model. The objective is for the model to predict the same cluster assignment
for an original sample and its augmented counterpart. A cross-entropy loss function is employed, treating
the cluster assignments from the original data as targets for the augmented samples.

3.3.1.3 Distillation

Distillation refers to the process of transferring knowledge from one model to another (G.
Hinton, Vinyals, and Dean 2015). Distillation can also be employed as a form of instance
discrimination self-supervised learning. This approach involves the use of two models: a
target model and an online model. In some literature, these distillation model are also
referred as a teacher-student model. The weights of the online model are trainable, while
the weights of the target model are not directly trained, similar to the one used in MoCo.
Instead, the target model’s weights are updated using an EMA of the online model’s
weights. The objective of the online model is to produce an output representation that
match those of the output representation of an augmented sample from the target model,
effectively distilling the knowledge from the target model. This distillation process enables
the online model to learn representations that capture instance-level similarity utilizing
the positive pair of samples. Notable algorithms that fall under this category are Sim-
Siam (X. Chen and He 2020), BYOL (Grill et al. 2020), and DiNo (Caron, Touvron,
et al. 2021). The distillation based approach leverages the knowledge encoded in the
target model’s representations to guide the training of the online model, without requir-
ing explicit labels or pretext tasks. Figure 3.8 illustrates the distillation based instance
discrimination loss.
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Figure 3.8: General setup of instance-based discrimination algorithm using distillation. The
loss function used is a simple MSE loss between the output from the predictor head of the online network
and the output of the augmented version of the same sample from the target network. This setup
facilitates knowledge distillation from the target network to the online network. The asymmetric design
is due to the presence of predictor head in the online network. The MSE loss between the outputs of the
two asymmetric networks for the same augmented sample, enables the online network to learn from the
target network’s representations simultaneously ensuring it does not converges to a trivial solution.

3.3.1.4 Redundancy Reduction

The redundancy reduction variant draws inspiration from a principle proposed in neuro-
science. (Barlow and Rosenblith 1961) mentions the hypothesis that the goal of sensory
processing is to recode highly redundant sensory inputs into a factorial code. The principle
underlying this approach is the development of an objective function designed to bring
the cross-correlation matrix closer to an identity matrix, thereby encouraging decorre-
lated representations. To explain this concept more simply: In traditional methods, the
normalized dot product of two output representations is typically constrained to be 1 for
similar pairs. In contrast, this approach takes a different route. Here, the outer product of
the two output representations, which results in a matrix, is encouraged to approximate
an identity matrix. The Barlow Twins (Zbontar et al. 2021) algorithm falls under this
category of instance-based discrimination methods. It is based on the idea of minimiz-
ing the redundancy between the components of the learned representations, effectively
decorrelating them. Another algorithm in this category is VICReg (Bardes, Ponce, and
LeCun 2021), which employs an ensemble of multiple loss functions. The “v” component
enforces uniformity by minimizing the variance of the representations across the batch
(Equation (3.5), where d refers to the dimension of the model output and n refers to the
number of samples in the batch). The “i” component enforces alignment or similarity
between representations of an instance and its augmented version (Equation (3.6)). The
“c” component minimizes the cross-correlation between the components of the represen-
tations (Equation (3.7)). In the all the equations, z refers to representation of the image.
Figure 3.9 illustrates such loss function.
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The W-MSE (Whitening Mean Squared Error) (Ermolov et al. 2020) is a variant that
combines elements from both the distillation and correlation-based approaches to self-
supervised learning. It employs a whitening operation, which is a form of inter-positive
distance correlation, to prevent degenerated solutions and encourage the learned repre-
sentations to be uniformly distributed on a hypersphere. The whitening operation aims to
decorrelate the components of the representations, ensuring that they are statistically in-
dependent and have unit variance. This decorrelation step helps to avoid the dimensional
collapse issue, where all representations collapse to a single point or subspace, which is a
trivial solution that satisfies the objective but fails to capture meaningful information.
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Figure 3.9: General setup of instance based discrimination loss using redundancy reduction
algorithm. The loss function encourages the learned representations by approximating the sum of
outer products between the representation of a data sample (z) and its augmented counterpart (Z) to
approximate an identity matrix. Mathematically, the objective is to minimize the difference between the
sum of outer products };z; ®Z; and the identity matrix I, where ® denotes the outer product operation.

3.3.1.5 Relational Similarity

This variant of instance discrimination self-supervised method aims to optimize the sim-
ilarity between one data sample and the other samples within the same batch to that of
its corresponding augmented samples as illustrated in Figure 3.10. In other words, the
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objective is to match the probability distribution of similarity scores between the aug-
mented sample and the other samples in the batch with the target similarity distribution
computed from the original samples. The Kullback-Leibler (KL) divergence loss function
is employed to minimize the difference between the target and online probability distri-
butions, thereby optimizing for the desired similarity relationships. Algorithms such as
Relational Self-Supervised Learning (ReSSL) (Zheng et al. 2021) and Iterative Similarity
Distillation (ISD) (Tejankar, Koohpayegani, Pillai, et al. 2020) fall under this category of
instance discrimination methods.
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Figure 3.10: General setup of instance-based discrimination loss using relational similarity
algorithm. In Relational Similarity instance discrimination method, instead of maximizing the similarity
between a data sample and its augmented view, this approach focuses on the similarity relationships
between one data sample and the other samples within the same batch. The objective is to match the
similarity distribution of an augmented sample to the target similarity distribution computed from the
original samples within the batch which is mentioned as Row-wise KL-Divergence in the figure.

3.3.2 General Transformations

As discussed before, the instance-based discrimination self-supervised methods also rely
on transformations in order to generate a meaningful augmentation of the sample image
which then the loss functions by maximizing the mutual information can learn meaningful
representation. The majority of research in the field of instance discrimination type self-
supervised learning has been implemented on natural images. This section concentrates
on data augmentation techniques. Subsection 3.3.2.1 outlines standard transformations
commonly applied to natural images, followed by a subsection discussing transformations
specific to remote sensing applications.
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3.3.2.1 Image Transformations

The instance level discrimination type of self-supervised learning relies on transformations
to obtain augmented views. The significance of transformations has been highlighted in
several other studies (Purushwalkam and Gupta 2020; Gansbeke et al. 2021). Transfor-
mations should be designed to distort the data while preserving its semantic information.
In most remote sensing applications using multi-spectral imagery, the community uti-
lizes transformation methods originally developed for natural images in computer vision.
The computer vision community has largely standardized transformations for natural im-
ages. Some remote sensing studies have adopted these transformations for contrastive
self-supervised learning in their applications. Different transformations used by the com-
puter vision community are discussed in this subsection.

Random Cropping and Resizing

Random cropping is a transformation technique that, instead of distorting the image,
uses a subset of the original image. Typically, implementations randomly cropping in-
volves randomly selecting 20-100% of the original image area. After cropping, the selected
portion is rescaled to match the original image dimensions using interpolation techniques.
The purpose of this transformation is to enable the model to learn by identifying similar-
ities between different crops of the same image in the embedding/representational space.
This approach helps the model develop robustness to variations in scale and position,
encouraging it to focus on salient features that persist across different views of the same
image.

By presenting the model with various cropped versions of the same image during train-
ing, it learns to recognize the underlying semantic content regardless of its specific location
or scale within the image. This contributes to the model’s ability to generalize and per-
form well on downstream tasks, even when objects or features appear at different scales
or positions.

Color Jittering and Grayscaling

This transformation aims to preserve the texture of an object by combining four image
manipulation methods: contrast, saturation, brightness, and hue. The values for contrast,
saturation, brightness, and hue are randomly selected within a specified range, ensuring
that each time it produces a new view with a similar texture.

In the case of grayscaling, the grayscale version of the image is obtained using the
formula in Equation (3.8). To ensure compatibility with networks that require three-
channel RGB images, the grayscale image is duplicated across all three channels.

gray = (0.2989 x red +0.587 x green+0.114 X blue) (3.8)

This approach allows the model to learn by maintaining the texture information while
varying other visual attributes, thereby enhancing its ability to generalize across different
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visual conditions.
Horizontal Flipping

Horizontal flipping is a transformation technique that produces two versions of an im-
age: The original, unaltered image and a horizontally mirrored version of the original
image. This transformation is applied with a probability of 0.5, meaning there’s an equal
chance of the image remaining unchanged or being flipped horizontally. The flipping oc-
curs along the vertical axis, effectively reversing the left-right orientation of the image.
This simple yet effective augmentation technique helps the model learn features that are
invariant to horizontal orientation.

Gaussian Blurring

In this transformation, the image is blurred using information from the surrounding
pixels. The influence of these surrounding pixels is determined by a Gaussian distribution.
A random value is selected to determine the radius (standard deviation parameter) of
the Gaussian. The pixel value is then replaced by an aggregated value based on this
distribution.

3.3.2.2 Standard Augmentation Pipeline

In the preceding sections, transformations developed by the computer vision commu-
nity are being explored. These transformations have been adopted by researchers in
remote sensing for a long time. This section will first examine the standard augmentation
pipeline that incorporates the previously discussed transformations. Following that, two
additional augmentation techniques specific to remote sensing images are covered. These
are the nearest neighbor method and the use of time as an augmentation factor.

Standard Transformation Pipeline

A standard transformation pipeline is a dynamic process that generates diverse views
of an image during each training epoch. This pipeline incorporates all the transforma-
tions discussed in the previous section on data augmentation techniques. The probability
of applying each transformation is specified in Table 3.1, which outlines the standard
augmentation parameters.

The standard augmentation pipeline begins with random cropping, where a portion of
the image is selected at a random location, with the crop size ranging between 20% and
100% of the original image. This process introduces significant variability in each iteration.
After cropping and resizing, the image has a 50% chance of undergoing color jittering with
varying intensities. Subsequently, there’s a 20% probability of converting the image to
grayscale. Following this, the image may be horizontally flipped with a 50% probability,
and then subjected to Gaussian blurring, also with a 50% probability. The combination
and sequence of these random transformations significantly increase the stochasticity of
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Table 3.1: The table outlines the transformations employed in the standard augmentation pipeline. The
"Probability” column indicates the likelihood of each transformation being applied during the augmen-
tation process. For certain transformations, additional parameters are specified in the factor column,
providing more details on the value of the parameter yielding a range for distortion from the specific
transformation.

Transformation Factors Probability
Random cropping and Resizing | crop factor :( 20%-100%) 1.0
Color Jittering range of (brightness, saturation, 0.8
contrast and hue): (0.4, 0.4, 0.4,
0.1)
Grayscale 0.2
Horizontal Flip 0.5
Gaussian Blurring radius of Gaussian kernel: (0.1, 0.5
2.0)

the augmentation process. Figure 3.11 illustrates various views of a sample image after
applying this augmentation pipeline. This approach ensures that each training iteration
presents the model with a unique variation of the input image, enhancing its ability to
learn robust and generalizable features across different scales, colors, orientations, and
levels of detail.

Figure 3.11: Different view of an image generated by the augmentation pipeline. The original
image is shown on the left, while the four augmented versions of the same image, produced by the
standard augmentation pipeline, are displayed on the right.

Nearest Neighbor View

For instance discrimination tasks, to obtain more diverse views, several studies use im-
ages that are closest to the original image in the latent space. The studies claim that im-
ages lying close in the latent space share more similar semantic information and are more
likely to belong to the same class. Consequently, they use the nearest neighbor images
along with the standard augmentation pipeline to generate additional views. Examples
of works based on this approach include NNCLR (Dwibedi et al. 2021), NNMoCo (Wang
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et al. 2023), and MeanShift (Tejankar, Koohpayegani, Navaneet, et al. 2021).
The Time-Dimension as a Transformation for Remote Sensing Data

Meaningful transformations are crucial for improving the representation learning in
instance-based self-supervised learning. The importance of transformations for down-
stream tasks was demonstrated by the authors of (Purushwalkam and Gupta 2020).
They found that certain pre-training transformations may lead to unsuitable representa-
tions for specific downstream tasks. For example, when pre-training on images of different
rooms (e.g., kitchens and living rooms) and for a downstream task of identifying furni-
ture and devices (e.g., sofas, dining tables, TVs), transformations like random cropping
and resizing were not beneficial. This highlights the need to carefully select transfor-
mations that align with the intended downstream tasks. Remote sensing images differ
from natural images in that they often include metadata such as time and geolocation.
Researchers in the field have leveraged this unique aspect by using temporal differences as
a form of augmentation. For instance, they use two images of the same location captured
at different times, such as during different seasons, as augmented views of the image.
This approach is effective because many land surface features change slowly over time,
providing strong supervisory signals for instance-based discrimination in self-supervised
learning. Figure 3.12 illustrates this concept. Several studies, including Geography-aware
self-supervised learning (Ayush et al. 2020) and Seasonal contrast (Manas et al. 2021),
have incorporated this temporal transformation in their work. This approach takes advan-
tage of the temporal dimension inherent in remote sensing data to enhance the learning
of meaningful representations.

02/05/2019 09/08/2019 02/11/2019 26/01/2020 05/04/2020

Figure 3.12: Time used as a transformation method on a sample from the SeCo (Manas et al.
2021) dataset. It displays multiple images of the same land area captured at different times throughout
the year, demonstrating the seasonal changes in the land surface. This approach leverages temporal
variations as a form of data augmentation for remote sensing applications.

3.4 BERT

BERT (Bi-Directional Encoder Representations from Transformers) (Devlin et al. 2018)
is a self-supervised technique used to encode words into a semantic vector space. Prior to



3.4. BERT 23

BERT, methods such as continuous bag of words (CBOW) and skip-gram were employed
to obtain semantic representations of words from their one-hot encodings (Mikolov et al.
2013). However, these methods focused solely on individual words, failing to capture the
contextual information. For instance, the word "bank” can refer to a financial institution
where people open accounts or a river bank, depending on the context. The same word
carries different meanings in different contexts. BERT addresses this issue by utilizing the
encoder architecture of the original transformer network (Vaswani et al. 2017). The atten-
tion mechanism employed in the transformer allows a word to interact with other words
in the sentence or paragraph. Through stacked attention layers, complex relationships
are captured, and each word is embedded semantically and contextually. Figure 3.13
illustrates the BERT architecture. There are two ways to train BERT models: Mask
Language Modeling (MLM) and Next Sentence Prediction (NSP) approach. In MLM, a
few tokens are masked, either replaced by random numbers, zeros, or another word. The
masked sentence is passed through the network, and the network is trained to output the
original word that was masked. In the NSP, two sentences are randomly selected from a
text. If both sentences are consecutive in the text, it is classified as positive; otherwise,
if they are not consecutive, it is classified as negative. By leveraging the transformer
architecture and self-supervised training algorithms like MLM and NSP, BERT learns
rich contextual representations of words, capturing the nuances of language and enabling
better performance on various NLP tasks through transfer learning.
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Figure 3.13: The BERT algorithm. On the left side, the original time series is shown. Prior to
input into the transformer model, select tokens are masked. This masked time series is then fed into
the model. The algorithm is designed to comprehend patterns even with masked elements, learning to
predict accurate representations. The output is then passed through a single or shallow neural network
to predict the original masked inputs. For the original task of word prediction in natural language, the
BERT model typically employs a cross-entropy loss function. However, when adapting BERT for time
series analysis, a conventional Mean Squared Error (MSE) loss function is more commonly used. Figure

adapted from
a=https://wuw.geeksforgeeks.org/understanding-bert-nlp
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3.5 Multi-Modal Contrastive Self-Supervised Learning

Multi-modal contrastive self-supervised learning expands on traditional contrastive learn-
ing by incorporating multiple modes or sources of information. This approach draws
inspiration from the human ability to perceive the world using various sensory inputs,
such as visual information and verbal descriptions. Figure 3.14 provides an illustrative
example of multi-modal learning, demonstrating how different types of data can be inte-
grated to enhance the learning process.

Figure 3.14: Different modes of accessing public bus information in Aachen. On the left, a
button is shown which, when pressed, provides an audio announcement of the scheduled arrival times for
all buses at the stop. On the right, the same information is visually displayed on an electronic board.
This example demonstrates how multi-modal systems can present identical information through different
sensory channels - in this case, auditory and visual.

Figure 3.14 illustrates how different sensory modes can convey the same information.
A deaf person can access bus schedule details visually from a display board, while a blind
person can obtain the same information audibly by pressing a button. Although these
are distinct methods, both sources provide identical information. This concept of com-
plementing one information source with another has proven powerful in deep learning
applications (S. Ma et al. 2020). It is currently being extensively used in the development
of advanced models such as Stable Diffusion (Rombach et al. 2021), GPT-4 (OpenAl
2023), and Fromage (Koh, Salakhutdinov, and Fried 2023). These models leverage mul-
tiple modalities to enhance their understanding and generation capabilities. Figure 3.15
presents a schematic representation of multi-modal contrastive learning, demonstrating
how different types of data can be integrated within a single learning framework. This ap-
proach aims to capture the complementary nature of various data modalities, potentially
leading to more robust and comprehensive representations.

In multi-modal contrastive learning, multi-modal training data is required during the
model’s training phase. However, in the final application, the user does not necessarily
need both data sources, as illustrated in Figure 3.15. In these methods, finding a suitable



3.5. Multi-Modal Contrastive Self-Supervised Learning 55

Encoder (f,)

Projector (g,,)

Source 1  nd

Self-supervised loss

Source 2
a) Pre-training setup
: Transfer weights
: Downstream model Final task
Source 1 ——>| Encoder (f,) |— (Iinza:)layerldeep ml == Classification/Regression
moadel

b) Downstream setup

Figure 3.15: The experimental setup for multi-modal contrastive learning. The upper part
depicts the pre-training phase, where two distinct data sources are processed through separate networks
due to their differences in nature, shape, and size. This setup can incorporate any of the previously
discussed conventional loss functions. The lower part shows that after pre-training, the model can operate
using only one source (in this case, source 1), demonstrating the flexibility of the trained system to function
with limited input modalities.

complementary source enhances the pre-training process. Essentially, in multi-modal self-
supervised learning, the model corresponding to source 1 guides the model corresponding
to source 2, and vice versa.






CHAPTER 4

Generating Views Using
Atmospheric Transformation for
Multi-Spectral Images

This chapter introduces our novel method called atmospheric transformation for gener-
ating augmented views of multi-spectral images for contrastive learning. This technique
can be applied across all spectral channels of multi-spectral images while preserving the
physical characteristics of land surface data. By replacing color jittering and grayscaling
in the standard transformation pipeline with our proposed atmospheric transformation,
contrastive self-supervised pre-trained models are better able to utilize the rich details
present in multi-spectral images. Atmospheric transformation demonstrates the superi-
ority over baseline methods through various downstream tasks.

Individual Contribution

The following chapter is based on the publication (Patnala et al. 2023)

Generating Views Using Atmospheric Transformation for Contrastive Self-
Supervised Learning on Multi-Spectral Images

Ankit Patnala, Scarlet Stadtler, Martin G. Schultz, and Juergen Gall

IEEE Geoscience Remote Sensing

This study was a collaborative effort between Ankit Patnala and Scarlet Stadtler, with
significant scientific insights and technical guidance provided by Martin G. Schultz and
Juergen Gall. Their valuable input and feedback were instrumental in the smooth ex-
ecution of the project. The initial concept originated from Ankit Patnala, inspired by
discussions with colleagues in the remote sensing field at Forschungszentrum Juelich.
This idea was further refined through brainstorming sessions involving Scarlet Stadtler,
Martin G. Schultz, and Juergen Gall. Ankit Patnala took the lead in implementing the
project and conducting the evaluation. Ankit Patnala authored the initial manuscript
and Scarlet with her academic expertise aided in making it scientific enough by employ-
ing appropriate terminology and imbuing it with a nice scientific outlook. The successful
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completion of this work was made possible by the combined efforts and expertise of all
team members involved.
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4.1 Introduction

Computer vision methods are crucial in the field of remote sensing, encompassing a wide
range of applications (Manas et al. 2021). Specifically, land cover classification aims at la-
beling contiguous regions of the Earth’s surface based on characteristic surface reflectance
patterns. Most land cover classification algorithms use information from various channels
of the visible spectrum, as measured by satellite or airborne instruments. For several years
machine learning has been explored in the remote sensing community for this task. The
community has developed a small number of benchmark datasets for land cover classifica-
tion, for example, small-sized labeled land cover datasets such as Sat-4 (Basu et al. 2015),
Sat-6 (Basu et al. 2015), Eurosat (Helber et al. 2019), and medium-sized datasets like
Bigearthnet (Sumbul et al. 2019), and Senl12ms (Schmitt et al. 2019). While these have
proven their use, they are rather small compared to state-of-the-art benchmark datasets
for image recognition or the petabytes of data publicly available from satellite missions.

Most previous machine learning studies on land cover classification used supervised
training approaches where a neural network is trained on labeled data and then tested on
another portion of the labeled dataset that was withheld from the model during training.
Newer machine learning techniques allow the extraction of useful information from un-
labelled data and thus open new possibilities to train machine learning models on much
larger amounts of data than before. Due to the difference in nature of the multi-spectral
image to that of the RGB image, in this study, we focus on contrastive learning as one
fundamental approach to train on these unlabeled multi-spectral data.
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In particular, multi-spectral remote sensing images provide different surface reflection
properties useful for land cover classification. It would be a waste of information if their
analysis is limited to the red, green, and blue (RGB) channels commonly found in natural
images. Sentinel (ESA 2021), for example, has also bands such as red edge, near-infrared
(NIR) and short-wave infrared. The near-infrared band is particularly useful for the
classification of vegetation and the assessment of the healthiness of vegetation as it relates
to the leaf area index (Vescovo et al. 2012). Figure 4.1 shows a box plot of NIR radiations
for different classes of the Eurosat dataset. Land cover classes such as pasture lands,
crop fields, and forests reflect significantly more NIR radiation than classes like industrial
buildings, residential places, vegetation-lacking urban land, and water body land cover
types such as rivers, oceans, and lakes. Thus, adding an NIR channel to the input data
stream of a deep learning model will allow the model to learn more distinguishable features
of land cover types and improve scores on land cover classification tasks, especially for
vegetated land surfaces.

In order to classify land cover and specifically vegetated land cover from petabytes
of unlabeled Sentinel2 remote sensing data, we use a self-supervised contrastive deep
learning model. Such contrastive learning approaches rely on the type of transformation
used in creating augmented data, i.e. the controlled creation of variants of the original
data samples. Augmentations are task-specific and must be curated accordingly (Xiao
et al. 2021; Purushwalkam and Gupta 2020). While remote sensing data can in principle
be considered as images, they usually come with more spectral channels. Therefore, the
transformations applied to remote sensing data should be able to take these into account.
So far, the remote sensing community has adopted the same transformations that are
used in natural image processing. However, especially the widely used color jittering
can only be applied to RGB images. Naively extending color jittering to other spectral
channels like NIR leads to a deterioration of physical information. For example, brighter
signals in the NIR channel imply healthier plants. Therefore, we set out to develop a
new transformation pipeline based on atmospheric correction, which can be applied to all
channels of remote sensing images and preserve physical consistency.

Atmospheric correction is a process to remove atmospheric effects on the spectral signa-
ture of the reflected light (Baetens, Desjardins, and Hagolle 2019). Sentinel2 measures the
solar radiation that is reflected at the Earth’s surface. In the atmosphere, light is absorbed
and scattered and this must be corrected to retrieve the true spectral signature of the ob-
jects on the Earth’s surface. Absorption reduces the intensity of pixels, causing haziness,
whereas scattering will affect the readings at neighboring pixels. Atmospheric correction
affects the spectral reading of all bands and hence plays an important role in land cover
classification (Rumora, Miler, and Medak 2020). Currently, there are many atmospheric
correction algorithms in use to convert Top of Atmosphere (TOA) images to Bottom of
Atmosphere (BOA) reflections. In this study, we used Sen2Cor as it is readily available
with GEE. A more detailed explanation of Sen2Cor is described in subsection 4.1.1. For
our contrastive learning approach, we exploit the fact that atmospheric correction pro-
duces pairs of uncorrected and corrected images. Furthermore, atmospheric correction is
applied to all image channels, so that this “augmentation” can be used for multi-spectral
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Figure 4.1: Boxplot of NIR reflectance of different land cover types randomly sampled from
Eurosat dataset. The plot shows the differences between densely vegetated and non-vegetated land
cover types. This plot is drawn from 500 images from each land cover type of which 30 pixels were
randomly selected.

data and not only for visible RGB images as done in most prior methods (T. Chen et al.
2020). The pre-trained model obtained using our atmospheric correction based transfor-
mation as an alternative to color jittering yields better scores on two different land cover
classification tasks.

411 Sen2Cor

Sen2Cor is an atmospheric correction tool that processes Sentinel2 L1C images to pro-
duce Sentinel2 L2A images. It comprises two main components: the Scene Classification
(SCL) module and the Atmospheric Correction (AC) module. The SCL algorithm iden-
tifies clouds, their shadows, and snow, generating a classification map. This map is then
utilized by the AC module to differentiate between water, cloudy, and clear pixels. The AC
module employs a set of lookup tables, which vary based on the geographic location and
climatology of the scene. To retrieve the Aerosol Optical Thickness (AOT) map, Sen2Cor
uses Sentinel2 bands 12 (SWIR), 4(red), and 2(blue). The AOT map indicates the visual
transparency of the atmosphere. Bands 84 (narrow NIR), and 9 (water vapour) are used
to retrieve the water vapor map, which determines atmospheric absorption. These param-
eters are crucial in characterizing the state of the atmosphere. By using these parameters
along with the radiative transfer look-up table, Sen2cor removes atmospheric effects and
generate BOA images. Sen2Cor also provides additional corrections, such as cirrus and
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adjacency corrections. Figure 4.2, taken from the original Sen2Cor paper (Main-Knorn
et al. 2017), illustrates a schematic diagram of the Sen2Cor processor.

Level-2A

Level-1C BOA
conversion

11 bands (60m)
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Figure 4.2: The flow chart of all the subroutines used in Sen2Cor(Main-Knorn et al. 2017).
TOA - Top of Atmosphere

BOA - Bottom of Atmosphere

AOT - Aerosol Optical Thickness

DEM - Digital Elevation Model

4.2 Methods

For contrastive learning, the type of contrastive learning setup and transformations used
in obtaining augmented views play an important role. For our experiments, we use vari-
ants of MoCo (He, Fan, et al. 2019) and to obtain augmented views specific to multi-
spectral images, we use an atmospheric transformation instead of color jittering. MoCo
and augmented view generation using atmospheric transformation are explained in sub-
section 4.2.1 and 4.2.2 correspondingly.

4.2.1 MoCo Experiment Setup

As common to contrastive learning, MoCo consists of two networks. However, in MoCo,
these networks are asymmetric. One is the trainable base and the other one is the non-
trainable momentum network. The idea behind the momentum network is to obtain more
negative samples to increase the generalizability of the pre-trained model. During training
MoCo, the embeddings of the data obtained in previous iterations are appended to the
queue to augment the number of negative samples. The negatives are updated in the
queue dynamically, i.e. by flushing the old embeddings and filling the queue with new
embeddings. That leads to the challenge of ensuring consistency between the embeddings
of the previous iterations and the current training step. Therefore, the momentum network
is updated slowly using the weights of the base network as shown in Equation (4.1).



Chapter 4. Generating Views Using Atmospheric Transformation for

62 Multi-Spectral Images
a) correctness*0.0 b) correctness*0.25  c¢) correctness*0.5 d) correctness*0.75  e) correctness*1.0
a) correctness*0.0 b) correctness*0.25 ) correctness*0.5 d) correctness*0.75 e) correctness*1.0

Figure 4.3: Different degrees of atmospheric correction on a sample image. In the top row,
images are visualized in RGB scale. In the bottom row, images are visualized in the (NIR)RG scale. The
first image on the left of column a) contains an atmospheric uncorrected image. The last image on the
right i.e. column e) contains the atmospheric corrected version of the same image. Based on Algorithm
1, partially corrected images are generated which can be seen in the middle columns b)-d). As we move
from left to right, the features become clearer, i.e. haziness in the top row decreases while the redness
increases in the bottom row. These image variants can be used to build similar pairs for contrastive
self-supervised learning.

Op = MmOy + (1 —m)Oy, (4.1)

4.2.2 View Generation using Atmospheric Transformation

In self-supervised learning on natural images, color jittering is applied. In this transfor-
mation, the user defines the range of color distortion to produce new views of the same
image. During each epoch, the image is distorted with different levels of brightness, satu-
ration, contrast, and hue. Extending the algorithm to jitter other channels would distort
the valuable physical information in those channels. Therefore, we use atmospheric cor-
rection to perturb the channels of multi-spectral images without distorting the physical
meaning of the land cover information. In this study, we use four channels: RGB and
NIR. The approach is summarized by Algorithm 1. Figure 4.3 shows a visualization of
images obtained via the Algorithm 1 for one sample image of the SeCo dataset.
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Algorithm 1 Algorithm to generate atmospheric transformed samples.

GIVEN SentinellC image (slc), Sentinel2A image (s2a)

OuTPUT Atmospheric transformed image (atc image)
atmospheric__dif ferences(d) = s2a —slc
uniform__sampler(u) =U(0,1)
atc_image = slc+uxd

return atc_image

Figure 4.4 shows a schematic comparison of the transformation pipeline that we used
in our work to integrate four channels to the existing baseline transformation pipeline.

Random Cropping Random Cropping

and Resizing and Resizing

Color Jittering Atmospheric

and Grayscaling Transformation

Gaussian Blurring Gaussian Blurring

and Horizontal and Horizontal

Flipping Flipping

Proposed alternative for

Baseline transformations remote sensing

Figure 4.4: Transformation pipelines. The left flow diagram shows the baseline transformation
pipeline, the flow diagram in the right shows our pipeline. In contrast to color based transformations,
the atmospheric transformations are constrained by physics and preserve land cover cues.

4.3 Datasets

In our work, we used all the benchmark datasets which are already published. For self-
supervised learning, two different categories of datasets are required, pre-training and
downstream datasets. Generally, for the pre-training dataset, there is no requirement
of labels, hence it mitigates the huge expenses and time on annotation as well as com-
pensation for skilled human resources. For the static land cover classification tasks, we
used the SeCo (Manas et al. 2021) dataset released by authors of the SeCo algorithm
for pre-training and for downstream tasks, Bigearthnet and EuroSAT datasets are used.
Sections 4.3.1, 4.3.2, 4.3.3 give a detailed description of SeCo, Bigearthnet, and EuroSAT
datasets, respectively.
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4.3.1 SeCo dataset

The dataset released by the authors of SeCo was intended to do scalable self-supervised
learning on remote sensing images. They used GEE and a distribution strategy to get as
many images as required covering various land cover types.

Flowchart 4.5 shows the strategy on how the images were obtained.

4.3.2 Bigearthnet

The creators of Bigearthnet (Sumbul et al. 2019) have released a dataset comprising
590,326 complementary patches from Sentinell and Sentinel2 satellites, enabling large-
scale deep learning experiments on multi-spectral remote sensing images. This dataset
covers approximately 10 European countries, including Austria, Belgium, Finland, Kosovo,
Lithuania, Luxembourg, Portugal, Serbia, and Switzerland. The authors filtered out 125
Sentinel patches with less than 1% cloud cover. All patches were collected between June
2017 and May 2018, and the Sentinel2 tiles are Level 2A products, meaning they are
orthorectified and have undergone atmospheric correction.

The BigEarthNet dataset exhibits uniform seasonal variability, with 143,557 patches
from autumn, 72,877 from winter, 175,937 from spring, and 126,913 from summer.
70,987 images were excluded due to the presence of seasonal snow, clouds, or cloud
shadows. Bigearthnet was designed for multi-label classification tasks, where each image
is associated with one or more labels. The labeling process utilized the 2018 Corine Land
Cover (CLC) maps, which produce harmonized land cover and land use maps in vector
format for all European Union member states, with a reported accuracy of approximately
85%. While the original CLC nomenclature includes 44 classes, the Bigearthnet authors
modified this classification system based on their understanding of relevant applications.
They ultimately used 19 labels, 10 of which were directly derived from the CLC map.
The remaining labels were created by grouping 22 CLC labels, while some CLC labels
were discarded from the dataset.

4.3.3 FEurosat

The second downstream task in our work focuses on static land cover classification, uti-
lizing the Eurosat dataset. Compared to Bigearthnet, Furosat is a smaller dataset com-
prising 27,000 labeled and geo-referenced images. It was originally developed to assess
the performance of deep convolutional networks on multi-spectral images. The primary
motivation was to evaluate the efficiency of these networks on images with different tex-
tures and multiple channels, in contrast to natural images like those in Imagenet (Rus-
sakovsky et al. 2015). Eurosat consists of 64 x 64 pixel images uniformly distributed across
10 classes, covering approximately 34 European countries. Similar to Bigearthnet, only
satellite images with low cloud coverage are included. The dataset creators claim a mini-
mal correlation between the 10 classes. Images are uniformly distributed throughout the
year to ensure balanced seasonal variability. Unlike Bigearthnet, Eurosat is a single-label,
multi-class dataset, meaning each image is associated with only one annotated label. The
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Figure 4.5: SeCo dataset collection algorithm.




Chapter 4. Generating Views Using Atmospheric Transformation for
66 Multi-Spectral Images

"% non-irrigated arable land,
 fruit trees and berry
plantations, agro-forestry
areas, transitional

woodland/shrub

permanently irrigated land,
sclerophyllous vegetation,
beaches, dunes, sands,
estuaries, sea and ocean

permanently irrigated land, &8
vineyards, beaches, dunes,
sands, water courses

non-irrigated arable land

discontinuous urban fabric,
non-irrigated arable land,
land principally occupied
by agriculture,
broad-leaved forest

coniferous forest, mixed
forest, water bodies

© @

f'. ..
£ 3

(h) @

Figure 4.7: Eurosat dataset (Helber et al. 2019).

dataset underwent manual inspection, with images containing significant snow and ice
coverage being discarded. It’s worth noting that Sentinel2 bands have varying spatial
resolutions (10 m/px, 20 m/px, and 60 m/px). To standardize the dataset, all bands with
resolutions coarser than 10 m/px were interpolated to match the 10 m/px resolution. The
models developed using the Eurosat dataset aim to understand physical land types and
land use patterns.

4.4 Experiments

We conducted two sets of experiments. The first set of experiments was designed to
show the added value of the NIR channel in land cover classification. The second set of
experiments includes the pre-training setup using our proposed transformation pipeline to
compare it with transformations used in MoCo-v2 (He, Fan, et al. 2019). Subsections 4.4.1
and 4.4.2 give detailed descriptions of the conducted experiments.
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4.4.1 Randomly Initialized Linear Classifier Experiments

The experiments show the relevance of the NIR channel for land cover classification. We
conducted the experiments with both the Eurosat and Bigearthnet datasets to evaluate
the pre-trained model’s performance on single-label and multi-label classification tasks
respectively. Both of these are multi-spectral datasets containing the NIR channel and
the three RGB channels. The experiment setup and hyperparameters used for both Eu-
rosat and Bigearthnet are kept similar to the randomly initialized setup used in (Manas
et al. 2021). In our four channel setup, the first convolution layer is changed from three
to four channels. This change increases the number of non-trainable parameters from
3x64xTxT7todx64x7x7. As we trained a linear classifier by freezing the weights
of the backbone, the number of training parameters remained the same. Hence, the com-
parison of results is a fair evaluation.
Quantitative Results Table 4.1 shows the difference in the results with three and four
channels for Eurosat (single-label classification) and Bigearthnet (multi-label classifica-
tion).

We found an increase of 3.35% and 3.1% for Eurosat and Bigearthnet, respectively. By
only training the linear classifier, these experiments show the inherent relevance of the
NIR channel.

Table 4.1: Results of Experiment 4.4.1.

\ Backbone \ Accuracy

Eurosat (3 channels) 64.06
Eurosat (4 channels) Resnet18 67.41
Bigearthnet (3 channels) 41.21
Bigearthnet (4 channels) Resnet18 44.31

4.4.2 Self-supervised Learning with Atmospheric Correction

The pre-training experiments are conducted to show the quality of the representation
learned by the pre-trained model. We conducted experiments on all pre-training setups
mentioned in (Manas et al. 2021) on the SeCo dataset, and compared them with our
implementation of the baseline experiments. For the evaluation of the pre-training exper-
iments, we used the same hyperparameter settings on the downstream tasks. Subsections
4.4.2.1 and 4.4.2.2 give a detailed description of the experimental settings for pre-training
and downstream tasks correspondingly.

4.42.1 Pre-training experiments

We conducted three sets of pre-training experiments. In all experiment settings, we used
the same hyperparameters adopted from (Manas et al. 2021). We train the network for
1000 epochs.
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MoCo-v2

In this experiment setup, we used a vanilla MoCo-v2 approach over images in the SeCo
dataset. Baseline experiments are with MoCo-v2 and our setup is use of our proposed
transformation pipeline instead of the MoCo-v2 pipeline. We used the same transforma-
tion pipeline for the query and key part of the image.

MoCo-v2 + TP In this experiment setup, we used two images of the same location.
Baseline experiments are with MoCo-v2 and our setup uses our proposed transformation
pipeline instead of the MoCo-v2 pipeline.

SeCo

In this experiment setup, three different embeddings are used to optimize the self-
supervised loss. LOOC algorithm (Xiao et al. 2021) is applied. The first embedding uses
MoCo-v2 transformation on a query image as its augmented pair. The second embed-
ding is the same image taken at a different timestamp and doesn’t undergo MoCo-v2
transformation. The third embedding is the image taken at another timestamp and is
also transformed via MoCo-v2 transformation. Baseline experiments are with MoCo-v2
transformation pipeline and our setup is to replace it with our proposed transformation
pipeline. Figure 4.8 illustrates the SeCo experimental setup (Manas et al. 2021).

4.42.2 Downstream experiments

The experiments were conducted on two datasets. For Eurosat, a linear classifier is used
on the pre-trained Resnet18 (He, X. Zhang, et al. 2015). Whereas for Bigearthnet, we
evaluated our approach for both linear classifier and finetuning using two pre-trained
models, i.e. Resnet18 and Resnet50 (He, X. Zhang, et al. 2015). The training-validation
split and hyperparameters for downstream experiments are adopted from (Manas et al.
2021).

Table 4.2: Classification accuracy on Eurosat dataset. The backbone is kept frozen and we only train
the linear classifier.

Pre-training ‘ Backbone ‘ Accuracy
MoCo-v2 81.4
MoCo-v2 (Atmospheric) Resnet18 82.4
MoCo-v2 + TP Resnet18 86.2
MoCo-v2 + TP (Atmospheric) 89.1
SeCo 90.5
SeCo (Atmospheric) Resnetl8 90.8

Quantitative results Table 4.2 shows the accuracy obtained by each pre-trained model
on the Eurosat dataset. The accuracy for all three experiments shows the new transfor-
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Table 4.3: Mean average accuracy scores on the Bigearthnet land cover classification task.

Pro-trainin Backbone Linear Classifier | Finetuning
& (10%) | (100%) | (10%) | (100%)

MoCo-v2 67.01 | 68.12 75.48 | 83.38
MoCo-v2 Resnetl8 | o0 19| 68.76 | 79.41 | 85.87
(Atmospheric)
MoCo-v2
(4 channels 66.12 | 66.39 - -
without atmospheric)
giigig Resnet18 65.48 | 66.39 - -
(Atmospheric) 72.83 | 75.19 - -
MoCo-v2 + TP 66.90 | 68.92 76.23 | 84.15
MoCo-v2 + TP Resnet18

Ve 70.58 | 73.02 | 80.72 | 86.47
(Atmospheric)
2282 Resnet 18 68.02 | 70.46 77.52 | 84.91
(Atmospheric) 74.40 | 75.02 83.00 | 87.27
ﬁggz:zg Resnet50 67.77 | 7T1.87 77.79 | 84.88
(Atmospheric) 73.71 | 77.68 81.82 | 87.27
MoCo-v2 + TP 69.87 | 72.21 78.27 | 85.13
MoCo-v2 + TP ResnetS0 | 7o 99 | 76.17 | 82.58 | 87.53
(Atmospheric)
MoCo-v2
(4 channels 69.41 | 71.39 - -
without atmospheric)
SeCo Resnet50 70.10 | 73.26 80.46 | 86.51
SeCo (Atmospheric) 76.02 | 78.60 | 83.00 | 88.03
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Figure 4.8: SeCo experiment setup

mation pipeline surpasses the baseline transformation. We achieved an improvement of
1.0% for MoCo-v2, 2.9% for MoCo-v2 + TP and 0.3% for SeCo.

Table 4.3 shows the accuracy obtained on Bigearthnet. We found our novel transfor-
mation to perform better than the baseline transformation irrespective of the backbone
network and of the task type. We found an increase in the score for MoCo-v2 from 2.39%
to 5.94%. In case of MoCo-v2 + TP, the accuracy gain lies in the range of 2.4% and
4.31%. For SeCo, it is between 1.52% and 6.38%. With our transformation, we even
improved performance using the SImCLR loss (T. Chen et al. 2020). If we remove atmo-
spheric transformation from our proposed transformation pipeline, mean average accuracy
for MoCo-v2 on Bigearthnet (linear classifier) was degraded to 66.12% for 10% data and
66.39% for 100% data on the Resnet-18 backbone. With similar experiments on Resnet-
50, we found the mean average accuracy degraded to 69.41% for 10% data and 71.39%
for 100% of Bigearthnet data.

4.5 Conclusion

We showed a new transformation based on atmospheric correction that can be used as
an alternative to color jittering in a MoCo-v2 style transformation pipeline for land cover
classification based on Sentinel2 images. With this new transformation, it is possible to
exploit multi-spectral bands of images and to generate physically consistent augmented
samples. As we do not explicitly use the information on temporal change, this novel
transformation pipeline can be extended to spatio-temporal land cover self-supervised
learning applications.

From our experiments, we found that our new transformation pipeline outperforms the
baseline in all the above test cases. Thus, we conclude that using atmospheric correction



4.5. Conclusion 71

as a substitute for color jittering is more effective for self-supervised pre-training on land
cover images.






CHAPTER 5

Bi-Modal Contrastive Learning for
Crop Classification Using Sentinel2
and Planetscope

This chapter introduces a novel approach that leverages the advantages of contrastive
learning for crop classification. By employing a bi-modal contrastive learning method,
we address the challenge of applying meaningful transformations to tabular data, such as
pixel reflectance measurements. This bi-modal approach has gained popularity in image-
text pair domains and has also shown promising results for land cover classification in
remote sensing when combining optical and radar imagery. Our research demonstrates
the effectiveness of using two distinct sources as different modes to measure reflection at
the same location and time, each with unique properties. This approach provides diverse
views for contrastive learning. The proposed method is evaluated against SCARF, a
widely recognized baseline method for generating augmented views of tabular data in the
machine learning community. This study includes the design of a comprehensive setup
and procedure to implement an end-to-end workflow. The results show that the proposed
approach outperformed the supervised and uni-modal self-supervised baseline in 8 out of
9 test cases, highlighting its efficacy in crop classification tasks.

Individual Contribution

The following chapter is based on our (Patnala et al. 2024).

Bi-modal Contrastive Learning for Crop Classification Using Sentinel2 and
Planetscope

Ankit Patnala, Scarlet Stadtler, Martin G. Schultz, and Juergen Gall

Frontiers in Remote Sensing

Ankit Patnala authored the initial draft of this manuscript, which was subsequently
proofread and refined by Scarlet Stadtler. Martin G. Schultz and Juergen Gall provided
valuable insights through scientific discussion sessions. The initial concept originated from
Ankit Patnala following discussions with external colleagues at the Institute of Geography,
University of Cologne. The proposed plan was refined and polished through collaborative
efforts involving Scarlet Stadtler, Martin G. Schultz, and Juergen Gall. Ankit Patnala was
responsible for implementing the project and conducting the evaluation. The successful
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5.1 Introduction

Crop classification is a method of identifying the type of agricultural plants at a particular
location. In remote sensing, researchers typically use information from various public
landcover satellite missions such as Sentinel2 (ESA 2021) and Landsat! which cover the
entire globe at a regular time interval over many years. Crops exhibit clear temporal
signatures due to phenological traits, i.e. the pattern of their growth stages from seed to
sprout through budding, growing, and then ripening (Meier et al. 2009).

The availability of extensive satellite data facilitates large-scale crop mapping suitable
for machine learning applications. However, traditional supervised learning methods face
significant challenges. Labeling crops is time-consuming and requires skilled human effort,
often limiting studies to small regions with few crop fields. Conventional methods like
random forests generate good results for specific fields but fail to generalize across different
geographical properties (Racic et al. 2020) or at different time periods (Hiitt, Waldhoff,
and Bareth 2020a).  Unsupervised learning algorithms such as K-means clustering and
K-Nearest Neighbor (KNN) do not require labels but are only effective for low-dimensional
data, making them less suitable for high-dimensional remote sensing time series. This

Thttps://landsat.gsfc.nasa.gov /appendix /references/
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limitation has led to the development of advanced deep learning techniques, particularly
self-supervised learning.

Self-supervised learning enables pre-training of models using large amounts of unlabeled
data, with subsequent transfer learning for related tasks with limited annotations. This
approach has shown improvements over randomly initialized models (Yang et al. 2020).
Among self-supervised methods, contrastive learning (X. Liu et al. 2021) has demonstrated
promising results. Contrastive learning aims to align outputs from different viewpoints of
the data sample while pushing away outputs from other data samples. It typically uses
alternative loss functions like InfoNCE (Oord, Y. Li, and Vinyals 2018) to avoid trivial
solutions. The method relies on data augmentation to maximize mutual information
shared between a sample and its augmented version.

However, applying contrastive learning to remote sensing time series data poses unique
challenges. Standard image transformations assume static images covering large spatial
neighborhoods, which is unsuitable for crop analysis characterized by small field sizes and
significant temporal changes. Moreover, the lack of field boundary information makes it
harder to adapt the existing self-supervised approach for crops. This can be overcome by
using spectral information of individual pixels instead of relying on crop field boundaries.
This approach is justified because the variance of spectral patterns among pixels belonging
to one field is quite low. The variance distribution plots of spectral measurements for four
field parcels can be found in the Figure 5.1.

To address the challenges of augmentation for remote sensing time-series data, we pro-
pose a novel bi-modal contrastive learning approach (X. Yuan et al. 2021). Instead of
relying on standard augmentation techniques, our method obtains the augmented version
of Sentinel2 data directly from another source, specifically Planetscope. This innovative
strategy serves a dual purpose: it not only provides an alternative to traditional augmen-
tation but also combines the complementary strengths of both data sources—Sentinel2’s
superior spectral resolution and Planetscope’s finer spatial resolution. Further, it enables
the development of a bi-modal self-supervised pre-trained model that can be applied even
when only one data source is available for downstream tasks.

In this work, we designed a strategy to develop a bi-modal self-supervised pre-trained
model, thus combining the higher spectral resolution of Sentinel2 with the finer spatial
resolution of Planetscope. To evaluate this, we demonstrate crop classification using only
Sentinel2 data as our downstream tasks. In this work, we demonstrate with our experi-
ment setup that the proposed bi-modal contrastive self-supervised pre-training improves
crop classification accuracy compared to the uni-modal contrastive self-supervised model.
In the following Section 5.2, the images of a few crops and their corresponding ndvi time
series plot is shown.
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Figure 5.1: Variance plot within a field parcel. Four randomly selected field parcels are evaluated.
The spectral measurements ranging from 0 to 1 are analyzed across 144 Sentinel2 time stamps. The box
plot illustrates the variance distribution per spectral band for each field parcel for the 144 time stamps. A
similar pattern is observed in other field parcels. The mean of the distribution falls within an acceptable
range, indicating lower spatial variability.
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5.2  Crop Images and NDVI Plots
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Figure 5.2: Images of a sample barley crop field taken from Planetscope satellite missions. Images are
taken on the 15th day of each month.
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Figure 5.3: Ndvi plot of the sample barley crop field.
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Figure 5.4: Images of a sample corn crop field taken from Planetscope satellite missions. Images are
taken on the 15th day of each month.
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Figure 5.5: Ndvi plot of the sample corn crop field.



5.2. Crop Images and NDVI Plots

(Mar)

(May)

(Jun) (Jul)

(Sep) (Oct) (Nov)

Figure 5.6: Images of a sample forage crops field taken from Planetscope satellite missions. Images are

taken on the 15th day of each month.

months
jan feb mar apr may jun Jut aug sep act now dec jan

Figure 5.7: Ndvi plot of the sample forage crops field.
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Figure 5.8: Images of a sample meadows field taken from Planetscope satellite missions. Images are taken
on the 15th day of each month.
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Figure 5.9: Ndvi plot of the sample meadows field.
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Figure 5.10: Images of a sample oats field taken from Planetscope satellite missions. Images are taken
on the 15th day of each month.
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Figure 5.11: Ndvi plot of the sample oats field.
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Figure 5.12: Images of a sample rye field taken from Planetscope satellite missions. Images are taken on
the 15th day of each month.
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Figure 5.13: Ndvi plot of the sample rye field.
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Figure 5.14: Images of a sample wheat field taken from Planetscope satellite missions. Images are taken
on the 15th day of each month.
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Figure 5.15: Ndvi plot of the sample wheat field.
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5.3 Methods

5.3.1 Bi-modal Self-Supervised Learning

Figure 5.16 illustrates the experiment setup of our bi-modal contrastive learning method.
In this approach, the networks are not shared between the two modalities due to the
different input dimensions of both sources. Here, the backbone network is denoted by
E,:R'2 -5 R?% and E,: R36 — R%6 for data from Sentinel2 and Planetscope, respectively.
Similarly, the projector network is denoted by P, : R — R3¢ and P,: R2>% — R for
Sentinel2 and Planetscope, respectively. Here, 12 refers to 12 spectral bands of Sentinel2,
and 36 refers to 4 spectral bands of 3 x 3 Planetscope pixels flattened to a 36-dimensional
vector. Equation (5.1) provides a mathematical formulation of the SimCLR loss func-
tion (T. Chen et al. 2020) used in our work. For the pre-training, we adapt the SimCLR
loss to our bi-modal setup:

Viisp
Ly xip = —log (5.1a)
e LR ki Tikss + Lomt ot Timsp
where
sim(zis,Zi
s =enp () -
and
T
. Ziskjp
Sim(Zis,2jp) = ———— - 5.1c
R P 10

Here, x;s represents the i Sentinel2 data sample, and z;; represents the output obtained
after passing through the encoder and projector components of the Sentinel2 network.
Similarly, x;, represents the i'" Planetscope data sample, and zZip represents the output
obtained after passing through the encoder and projector components of the Planetscope
network. The parameter T denotes the temperature that controls the sensitivity of the
loss function. In the original SImCLR equation (T. Chen et al. 2020), there is only one
network and two augmented views share the same model. In contrast, in our bi-modal
case, there are separate networks for different views. The term rj in the denominator
of Equation (5.1a) denotes the cosine distance between a Sentinel2 data sample to other
Sentinel2 data samples in the batch, while rjy,,, denotes the cosine distance between the
Sentinel2 data sample and the other Planetscope data samples in the batch. Figure 5.16b
illustrates how to use the pre-trained Sentinel2 backbone for the downstream task of crop
classification. For each pixel, 144 timestamps are passed through the pre-trained model to
obtain an abstract pixel representation. The time series formed with the representations
of each timestamp serves as an input to the base models.

As bi-modal pre-training implicitly learns a mapping from Planetscope to Sentinel2
data, it is sufficient to input only Sentinel2 data into the model for the downstream
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Figure 5.16: Schematic setup of our bi-modal self-supervised experiment. a) The top part
illustrates the bi-modal setup, where corresponding pixels indicated by red bordered colored boxes are
randomly selected. Sentinel2 and Planetscope data are passed through their respective backbone and
projector networks. The outputs are aligned by optimizing the contrastive loss to attract similar and
repel dissimilar pairs. Two spherical diagrams on the right side show how the projection of the data is
randomly distributed before and after training. The similar pairs get aligned simultaneously maintaining
uniformity in the latent hypersphere space. A sample of pixel collection is shown for one timestamp
as an example. Similarly, data for pre-training are collected from other timestamps. b) The bottom
part shows the training of a downstream task, where raw Sentinel2 data is fed through the pre-trained
Sentinel2 backbone. The output is then fed to different base models for conventional supervised learning,
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Figure 5.17: Random feature corruption mechanism in SCARF (Bahri et al. 2021). Entries of
a feature vector x; are masked, indicated by black cells. These masked features are then replaced by
features from other samples in the batch, denoted by x,, .., x,. This results in two corrupted feature
vectors (x}). The two corrupted feature vectors build a positive pair.

classification task. Thereby, users can implicitly take advantage of Planetscope’s finer
spatial resolution.

We employ the random feature corruption technique from SCARF (Bahri et al. 2021) as
a transformation on both sources in our bi-modal self-supervised learning setup, illustrated
in Figure 5.16a. In random feature corruption, with a given corruption rate ¢, randomly
c% of the features in the data are replaced by the empirical marginal distribution of the
corresponding features. Figure 5.17 provides a schematic diagram of the random feature
corruption technique.

For tabular data, MLPs are the most common choice. We enhance this approach by
implementing ResMLP as our backbone, inspired by the skip connection mechanism in-
troduced in ResNets (He, X. Zhang, et al. 2015). These skip connections facilitate deeper
gradient flow, addressing vanishing and exploding gradient issues. Figure 5.20 illustrates
the structural differences between a conventional MLP and our ResMLP. In the ResMLP
architecture, each block incorporates a skip connection (depicted by the orange overhead
arrow) that links the non-linear output back to its input, enabling more efficient informa-
tion flow through the network. Our implementation consists of an 8-layer network with
approximately 550K parameters.

5.3.2 Downstream Tasks

For the crop classification downstream tasks, we use the representation obtained from the
pre-trained model. The downstream tasks, each slightly different from the others, allow
us to test the generalizability of the pre-trained model. The first task involves data from
the same region (Brandenburg) as the pre-training data. The second task uses data from
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Figure 5.19: ResMLP architecture

Figure 5.20: Difference in the network architecture of MLP and ResMLP.
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a different area in Brandenburg but from a distinct year. The third task encompasses
data from the Brittany region in France. In these downstream tasks, the time series of
pre-trained features is fed to a temporal network for classification. We use 3 standard
deep learning architectures: Bi-LSTM (Cornegruta et al. 2016), inception time (Fawaz
et al. 2019), and position encoded transformers (Vaswani et al. 2017).

5.4 Datasets

In this work, we use Sentinel2 and Planetscope as two different sources for bi-modal
contrastive learning. Sentinel2 is an ESA satellite mission. Its multi-spectral instrument
(MSI) consists of 12 bands, spanning from visible to thermal and infrared bands (400 nm
to 2190 nm). For Sentinel2 with a spatial resolution of 10 m, each pixel covers an area of
100 m?. Data are publicly available and can be accessed either through the Copernicus
API or Google Earth Engine (Gorelick et al. 2017a). Despite the availability of cloud
masks, obtaining cloud-free images for a particular region can be challenging. In contrast,
Planetscope, a commercial satellite mission, provides higher pixel resolution at 3 m/px.
The instrument takes multiple snapshots of a particular region and uses the “best scene
on top” algorithm?. Planetscope ensures images with minimal cloud, haze, and other
disturbances. However, it has a limitation in spectral resolution, providing only 4 channels
(R, G, B, and NIR).

In this work, we utilize the training and validation sts of the DENETHOR dataset (Kond-
mann et al. 2021) to create a custom dataset for bi-modal self-supervised learning experi-
ments. DENETHOR is a publicly available crop type classification dataset that provides
high-resolution remote sensing data from Planetscope, Sentinel2, and Sentinell. It is de-
veloped for near real-time monitoring of agricultural growth cycles in Northern Germany.
By leveraging multiple satellite sources, DENETHOR enhances the data for accurate crop
classification. DENETHOR provides both training and validation sets. The dataset pro-
vides both training and validation sets, with the latter being at different temporal and
geographical location, thereby allowing the development of models that are robust to such
temporal and spatial variations.

We use the training and validation sets of the DENETHOR dataset (Kondmann et
al. 2021) to construct a custom dataset for conducting bi-modal self-supervised learning
experiments.

DENETHOR’s training dataset covers a 24 x 24 km? region in the state of Brandenburg,
Germany. The dataset includes data from both Sentinel2 and Planetscope. The training
data covers the entire year 2018. As the pixel resolution of Sentinel2 is 10 m/px and
3 m/px for Planetscope, the dimensions of the measurement scenes are represented as
2400 x 2400 and 8000 x 8000, respectively. For both Sentinel2 and Planetscope, we use
the same 144 timestamps for a given year. DENETHOR’s validation dataset also covers
a 24 x 24 km? in Brandenburg, but from a different region. Furthermore, the validation
dataset is from 2019.

2https://developers.Planet.com/docs/data/visual-basemaps/
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Figure 5.21: Description of data alignment for bi-modal self-supervised learning. The top and
the bottom rows display a spatial region of the same geographical area captured by Sentinel2 and Plan-
etscope, respectively. For each timestamp, pixels are randomly selected from Sentinel2. The pixel data
is aligned to 3 x 3 pixels from the same corresponding region for the same timestamp from Planetscope.

The training set comprises 2534 field parcels, while the validation set comprises 2064
field parcels. They are distributed across 9 different crop types. In both sets, there are
locations where no crops are grown, and the pixels associated with these locations are
masked.

The use of multiple downstream tasks serves to evaluate the generalizability of a pre-
trained model. This is done by evaluation of test data from a different time and region.
Figure 5.22 shows a visual representation of our splitting strategy. Subsection 5.4.1 details
the generation of the pre-training data and Subsection 5.4.2 offers an overview of the data
generated for the downstream tasks.

5.4.1 Data for Pre-training

For pre-training, we utilize unlabeled data. To acquire this, we use 70% of the random
crop fields following the 70-21-9 split. We do not use the crop labels. For our pre-
training dataset, we iterate through each of the 144 Sentinel2 timestamps and randomly
select 100,000 pixels from the 70% split, resulting in 14,400,000 data samples for our
bi-modal self-supervised experiment. Since the samples are randomly chosen, the pre-
training dataset is not balanced. The 14,400,000 data samples are independent. So, the
negatives for a Sentinel2 pixel include other pixels as well as the same pixel in the same
location at a different time stamp. Given one pixel of Sentinel2 covers 100 m? while a
Planetscope pixel covers 9 m?, we align a Sentinel2 pixel to 3 x 3 pixels of Planetscope,
as illustrated in Figure 5.21.
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5.4.2 Data for Downstream Tasks

The pre-trained model is tested on three different sets of Sentinel2 data (two from
DENETHOR and one from Breizhcrop) to assess its generalizability. We establish two
crop classification downstream tasks using DENETHOR's training and validation dataset.
For downstream task 1, we use 21% and 9% of the data, as per the given 70-21-9 split
of DENETHOR’s training dataset, to separate training and validation field parcels. To
ensure a balanced dataset, 5000 pixels are randomly selected for each of the 9 crop types
from their field parcels. Similarly, for the validation set of downstream task 1, we create a
balanced dataset by randomly selecting 1000 pixels for each crop from the validation field
parcels. A 70-30 split is applied on DENETHOR’s validation set to separate training and
validation field parcels for downstream task 2. We follow a similar procedure to generate a
balanced dataset for our second crop classification downstream task. Figure 5.22 visually
illustrates the two downstream tasks.

The downstream task 3 is added to assess the performance of the pre-trained model in
a region located further away from the region used for pre-training. We use a subset of
the Breizhcrop dataset (Rufiwurm, Lefevre, and Korner 2019), containing 2018 data from
the Brittany region in France. The dataset provides aggregated spectral measurements
per field parcel. We specifically use data from field parcels with spectral measurements
for more than 142 time stamps. There are 9 crop types in the original dataset (permanent
meadows, temporary meadows, corn, wheat, rapeseed, barley, orchards, sunflower, and
nuts). We discard data from orchards, sunflowers, and nuts as there are fewer field
parcels for these crop types. We create a balanced dataset from the remaining crop. For
training subsets, we collect 9000 data samples from each of the six crop types, and for
the validation subset, we collect 1000 data samples. The final task is crop classification
with 54000 training samples and 6000 validation samples.

5.5 Experiments

To evaluate the performance of our new bi-modal, self-supervised, contrastive method,
we conducted supervised experiments and uni-modal self-supervised experiments as com-
petitors. All experiments were performed on a 32GB NVIDIA Tesla V100 GPU.

5.5.1 Supervised Experiments

We use 10 different models for each category of base models. To obtain these 10 models,
we define the range or definite sets for each hyperparameter. We randomly generated
10 different models for each category. This random generation of 10 models for each
category is done using Optuna hyperparameter tuner (Akiba et al. 2019) on a defined
hyperparameter grid. It is important to note that, in this case, we do not use the tuner
to find the best model rather we use all 10 models for our analysis.

For bi-directional LSTM, the hyperparameter space is defined as follows: dimensions of
the hidden layer as one of [32,64,128,256], number of layers between 2 and 6, and learning
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Figure 5.22: Dataset for the bi-modal self-supervised learning experiment. The top row of
the figure illustrates the splitting applied to DENETHOR’s training dataset. The top image shows all
crop fields in the training dataset, divided into three parts. The first part is used for pre-training and
is represented by blue crop fields. The blue color represents unlabeled data. The other two parts are
training and validation data for our downstream task 1. The bottom row shows the validation dataset for
DENETHOR. In the case of downstream task 2, we split the validation data into training and validation
for our downstream task 2. The downstream task 2 is trained using the pre-trained model obtained from
the same pre-training dataset, allowing us to assess its performance when region and time period are
changed. We refer to (RuBwurm, Lefevre, and Koérner 2019) for the dataset of downstream task 3.

rate in the range from 107> to 1073. For inception time, the hyperparameter space is
specified as follows: number of layers as either 2, 4, or 8, dimension of hidden layer as
one of [128,256,512,1024], kernel size as one of [40,80,120,136], and learning rate between
107> and 1073. The hyperparameter space for transformers is defined as follows: the
dimension of the model is either 32, 64, or 128, the number of attention heads as one of
2,4,8], the number of layers between 2 and 6, and the learning rate ranges between 107>
and 1073. In all supervised experiments, we train the network for 20 epochs. We use the
initial learning rate of 1073 with the linear scheduler.

5.5.2 Uni-Modal Self-Supervised Experiments

This is our second set of experiments. With these experiments, we intend to compare our
proposed bi-modal self-supervised models to other self-supervised model.

In this experiment setup, we use uni-modal contrastive learning, employing only Sen-
tinel2 data during pre-training. The absence of transformation processes such as cropping,
and color jittering for tabular data makes it difficult to obtain augmented samples for Sen-
tinel2. Therefore, we use the random feature corruption technique SCARF (Bahri et al.
2021) to facilitate contrastive learning for tabular data with a single source. The experi-
ment setup is illustrated in the Figure 5.23. In our uni-modal self-supervised experiment



Chapter 5. Bi-Modal Contrastive Learning for Crop Classification Using
92 Sentinel2 and Planetscope

setup, we obtain the pre-trained model by applying contrastive learning on pre-training
data. We run the pre-training for 100 epochs. We use a SimCLR loss function with
a temperature of 0.07. The learning rate is set to 107>. Given that a contrastive loss
requires a higher batch size to generalize effectively, we opt for a batch size of 2048. We
obtain two pre-trained models, one with a random feature corruption rate of 20% and the
other with 60%.

&Y F{D B O } =5
g —'{EI | | } >} Contrastive

Learning
(SimCLR
Pixels selected loss)
from region J
{D B0 } =
no scarf

Figure 5.23: Uni-modal contrastive learning experiment setup.

5.5.3 Bi-Modal Self-Supervised Experiments

This is the new experimental setup proposed in this study. In contrast to the uni-modal
setup, the bi-modal self-supervised model uses data from two sources i.e. Sentinel2 and
Planetscope, to obtain pairs of matching samples. The Sentinel2 and Planetscope data are
processed with different networks for pre-training and the pretext task consists of aligning
the representation obtained from spectral signatures of both input data streams. We run
the pre-training for 100 epochs. Similar to the uni-modal self-supervised experiment
setup, we set the initial learning to 1073, The temperature parameter for the bi-modal
SimCLR loss is set to 0.07. In addition, we use the random feature corruption for each
source. Similar to the uni-modal setting, we pre-train two models, one with a corruption
rate of 20% and another one with 60%. We also run experiments without corruption, but
the models with feature corruption yielded better results. Therefore, we are reporting the
results for models pre-trained with 20% and 60% corruption rates.

5.6 Results

We adopt the evaluation protocol from SCARF (Bahri et al. 2021), which involves a win-
matrix plot and a box plot to compare different models on a number of test datasets. In
the win-matrix plot, each cell’s value represents the ratio of experiments mentioned in the
row outperforming the one in the column, as formulated in Equation (5.2); where i and j
are competing methods, and N is the total number of experiments.
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We provide separate results for each downstream task, as well as a distinct evaluation for
the three base models. To evaluate the performance, we compare bi-modal self-supervised
against uni-modal pre-trained models on the same corruption rate with corruption rates
of 20% and 60%, respectively.

For each downstream task, we use 10 different models from each category with vary-
ing hyperparameters. For supervised learning, we report the mean scores for these 10
models. To evaluate the pre-trained model, we fed the representation obtained from our
pre-trained model to these 10 models with the same hyperparameters. We report the
mean relative gain of the self-supervised model over the corresponding supervised model
with the same architecture and training parameters. We show our win-matrix and rel-
ative gain plot for 20 scores (10 results each for corruption coefficient of 20% and 60%,
respectively). We report the mean gain (min and max value inside the parenthesis) for
the self-supervised models. In some cases, the uni-modal self-supervised models show
inferior results compared to the supervised and bi-modal methods. These are shown with
negative values.

Wi =

(5.2)

Figure 5.24 shows the win-matrix and relative gain box plot for ResMLP pre-trained
models on downstream task 1. The bi-modal self-supervised model outperforms uni-modal
self-supervised and supervised models. The random feature corruption technique, which
demonstrated improved results on OPENML tabular data (Bischl et al. 2021) in the case
of uni-modal contrastive learning pre-trained models, does not yield promising results
for time-series crop classification data. Upon comparing the bi-modal self-supervised
ResMLP model with the supervised setup for downstream task 1, the win-ratios are 17,20,
19/20, and 20/20 for LSTM, inception, and transformer, respectively. This indicates that
bi-modal self-supervised learning during the pre-training stage gains knowledge about
crops. On comparing to the uni-modal self-supervised ResMLP model, the bi-modal
self-supervised win-ratios are 19/20 for LSTM and 20/20 for the other base models.

The mean classification accuracies of supervised models are 66.7% +2.53%, 25.84% +
4.65%, and 71.39% + 4.54% for LSTM, inception, and transformer, respectively. The
corresponding box plot shows the range of gain over the supervised setup. For LSTM,
the mean gain over the supervised experiment is -2.26% (min: -16.33%, max: 3.87%)
for uni-modal self-supervised and 3.75% (-9.38%, 9.14%) for bi-modal self-supervised.
In the case of inception, the mean gain is -10.43% (-14.8%, -2.87%) for uni-modal self-
supervised, while for bi-modal self-supervised, the mean gain is 8.92% (-2.26%, 19.02%).
For transformers, the mean gain is 3.36% (-18.81%, 11.76%) for uni-modal self-supervised,
whereas for bi-modal, the mean gain is 8.78% (0.66%, 17.68%).

Figure 5.25 presents the results for downstream task 2. The objective of downstream
task 2 is to assess how the models behave when they are applied to data from a dif-
ferent year and at a different geographical region with relatively similar characteristics
compared to the region used for training. We find that the uni-modal self-supervised
model’s performance is inferior for all three baseline models. Similar to downstream task
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Figure 5.24: Win-matrix and box plot for ResMLP backbone model on downstream task 1.
Plots (a), (c), and (e) show the win-matrix for LSTM, inception, and transformer, respectively. Panels
(b), (d), and (f) correspond to box plots showing a relative gain for both uni-modal and bi-modal self-
supervised compared to the supervised experiments for LSTM, inception, and transformer, respectively.
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Figure 5.25: Win-matrix and box plot for ResMLP backbone model on downstream task 2.
Plots (a), (c), and (e) show the win-matrix for LSTM, inception, and transformer, respectively. Panels
(b), (d), and (f) correspond to box plots showing a relative gain for both uni-modal and bi-modal self-
supervised compared to the supervised experiments for LSTM, inception, and transformer, respectively.
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1, the bi-modal self-supervised model outperforms the uni-model self-supervised model in
all experiments. When comparing the bi-modal self-supervised ResMLP model with the
supervised base model, the win-ratios are 20/20, 17/20, and 10/20 for LSTM, inception,
and transformer, respectively. In comparison with the uni-modal self-supervised model,
the win-ratios of bi-modal self-supervised are 17/20, 20/20, and 19/20 for LSTM, incep-
tion, and transformer, respectively. The mean classification accuracies of the supervised
models are 59.31% +5.75%, 20.43% + 3.98%, and 80.83% +2.69% for LSTM, inception,
and transformer, respectively. The box plots in Figure 5.25 show the range of gain over
the supervised experiment. For LSTM, the mean gain is -0.11% (min: -10.27%, max:
12.12%) for uni-modal self-supervised, and the mean gain is 5.62% (0.46%, 19.18%) for
bi-modal self-supervised. In the case of inception, the mean gain is -5.78% (-9.75%, -
1.01%) for uni-modal self-supervised, whereas the mean gain is 1.77% (-1.39%, 5.62%)
for bi-modal self-supervised. For transformers, the mean gain is -4.63% (-11.56%, 3.37%)
for uni-modal self-supervised, and the mean gain is -0.25% (-6.76%, 5.82%) for bi-modal
self-supervised.

Figure 5.26 presents the results for downstream task 3. The objective of the downstream
task 3 is to assess how the models behave when they are tested on data from a region
that is far away from the Brandenburg region of Germany, from where our pre-training
data is taken. The test data of this experiment is from Brittany, France. Consistent with
the results from the previous two downstream tasks, the bi-modal self-supervised model
outperforms the uni-model self-supervised model across all experiment setups. When com-
paring the bi-modal self-supervised ResMLP model with the base model, the win-ratios
are 20/20, 9/20, and 18/20 for LSTM, inception, and transformer, respectively. When bi-
modal is compared with uni-modal, the win-ratios are 20/20, 15/20, and 19/20 for LSTM,
inception, and transformer, respectively. The classification accuracies for supervised mod-
els are 33.19% +5.19%, 16.15% +3.38%, and 19.92% +4.46% for LSTM, inception, and
transformer, respectively. In the case of LSTM, the mean gain is 1.4% (min: -0.17%,
max: 2.78%) for uni-modal self-supervised, and for bi-modal self-supervised, the mean
gain is 3.17% (1.82%, 4.6%). For inception, the mean gain is -3.2% (-23.59%, 11.73%) for
uni-modal self-supervised, whereas for bi-modal self-supervised, the mean gain is 0.42%
(-8.88%, 11.35%). For transformers, the mean gain is -2.09% (-10.04%, 1.47%) for uni-
modal self-supervised and 1.56% (-1.70%, 3.55%) for bi-modal self-supervised.

Table 6.5 shows the supervised accuracy and gain for both uni-modal and bi-modal
self-supervised learning for all downstream tasks.

Inspired by our success with atmospheric transformation in static landcover classifica-
tion as shown in Chapter 4, we conducted series of additional experiments to compare
the performance of our proposed bi-modal contrastive learning to the uni-modal setup
employing atmospheric transformation to generate an augmented data. In this approach,
we used atmospherically corrected and uncorrected spectral measurements as different
views of the same sample. Despite the potential of this method, our results showed that
the bi-modal self-supervised contrastive approach still outperformed this uni-modal setup
employing atmospheric transformation.
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Figure 5.26: Win-matrix and box plot for ResMLP backbone model on downstream task 3.
Plots (a), (c), and (e) show the win-matrix for LSTM, inception, and transformer, respectively. Panels
(b), (d), and (f) correspond to box plots showing a relative gain for both uni-modal and bi-modal self-
supervised compared to the supervised experiments for LSTM, inception, and transformer, respectively.
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Table 5.1: Accuracy of the supervised setup and relative gain of uni-modal and bi-modal self-supervised
pre-training for the three different downstream tasks.

Downstream | Downstream | Supervised Accuracy Relamye s Relat.We sai
for uni-modal for bi-modal
Task Network (mean +std)
(mean) (mean)
LSTM 66.70% +2.53% -2.26% 3.75%
Taskl InceptionTime | 25.84% +4.65% -10.43% 8.92%
Transformer |71.39% +4.54% 3.36% 8.78%
LSTM 59.31% +5.75% -0.11% 5.62%
Task2 InceptionTime | 20.43% +3.98% -5.78% 1.77%
Transformer  |80.83% +2.69% -4.63% -0.25%
LSTM 53.11% +1.02% 1.4% 3.17%
Task3 InceptionTime | 21.99% + 6.57% -3.20% 0.42%
Transformer |54.11% +2.09% -2.09% 1.56%

These subsequent experiments used a different set of hyperparameters for the 10 mod-
els compared to those used earlier. We employed an 8-layer ResMLP as the backbone
architecture. As SCARF was not used in this uni-modal setup, we conducted 10 sets of
experiments for each type of base model. Given the presence of only two competitive
models, we opted for comparison plots instead of win-matrices. The relative gain box
plot illustrates the accuracy improvement of the proposed bi-modal self-supervised model
over the uni-modal setup employing atmospheric transformation.

Table 5.2 summarizes the comparison results for all conducted tests. Our findings in-
dicate that the bi-modal self-supervised model outperforms the uni-modal self-supervised
employing atmospheric transformation in 8 out of 9 test cases, with the exception being
the LSTM model in downstream task 3. Figures 5.27, 5.28, and 5.29 display comparison
plots evaluating the competitive models across downstream tasks 1, 2, and 3, respectively.
In the figures, points above the diagonal break-even line, plotted in red, indicate superi-
ority of bi-modal pre-trained model over uni-modal pre-trained model, while green points
below the line indicate inferior performance. In the plot, we also reported the fractional
win score, calculated as the number of times out of 10 experiments that bi-modal model
surpassed the uni-modal model.

Even in the case of the LSTM model on downstream task 3, where the relative gain is
slightly negative, the difference is minimal, suggesting comparable performance. This is
evident in Figure 5.29, where all data points are around the break-even line.

5.7 Conclusion

In this work, we presented a novel bi-modal, self-supervised contrastive learning method
for pixel-wise crop classification from satellite images. The method uses Sentinel2 and
Planetscope data together with a feature corruption technique for pre-training and em-
ploys various networks to learn the temporal patterns of the pixel spectra of different
crop types. After the pre-training, the model can be applied with one data source only.
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Figure 5.27: Comparison and box plot for both pre-trained models on downstream task 1.
Plots (a), (c), and (e) show the comparison plots for LSTM, inception, and transformer, respectively.
Panels (b), (d), and (f) correspond to box plots showing an absolute gain of bi-modal self-supervised
model over the uni-modal self-supervised model employing atmospheric transformation.
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Figure 5.28: Comparison plot and box plot for all pre-trained models on downstream task
2. Plots (a), (c), and (e) show the comparison plots for LSTM, inception, and transformer, respectively.
Panels (b), (d), and (f) correspond to box plots showing an absolute gain of bi-modal self-supervised
model over the uni-modal self-supervised model employing atmospheric transformation.
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Figure 5.29: Comparison plot and box plot for all pre-trained models on downstream task 3.
Plots (a), (c), and (e) show the win-matrix for LSTM, inception, and transformer, respectively. Panels
(b), (d), and (f) correspond to box plots showing an absolute gain of bi-modal self-supervised model over
the uni-modal self-supervised model employing atmospheric transformation.
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Table 5.2: Accuracy of the models for uni-modal self-supervised employing atmospheric transformation
and bi-modal self-supervised model in three different downstream tasks.

Downstream | Downstream Uni-modal .self—superwsed. Relative gain for bi-modal self-supervised
(atmospheric transformation)
Tasks Network (mean)
(mean +/- std)
LSTM 63.27% +/- 3.27% 2.20%
Task 1 InceptionTime 14.84% +/- 1.53% 12.13%
Transformer 71.94% +/- 7.53% 3.57%
LSTM 58.87% +/ 2.54% 3.18%
Task 2 InceptionTime 16.26% +/- 1.97% 5.59%
Transformer 69.26% +/- 8.28% 4.83%
LSTM 56.69% +/- 0.37% -0.56%
Task 3 InceptionTime 17.03% +/- 3.20% 1.11%
Transformer 52.37% +/- 3.78% 1.79%

We benchmarked our bi-modal contrastive learning framework against two uni-modal
self-supervised approaches, both trained on Sentinel2 data. The first uni-modal method
utilizes random feature corruption for data augmentation, while the second employs atmo-
spheric transformations (Chapter 4) to generate augmented inputs. For pre-training, we
adopted ResMLP as the backbone architecture and assessed the learned representations
by fine-tuning them on three distinct crop classification models: a bi-directional LSTM,
InceptionTime, and position-encoded transformers.

In summary, we conclude that contrastive learning using the feature corruption tech-
nique to generate positive sample pairs on Sentinel2 is unable to learn an expressive
representation for crop classification. The proposed bi-modal contrastive self-supervised
learning combining Sentinel2 and Planetscope, demonstrates improved performance across
most test scenarios when compared to the uni-modal contrastive method using random
feature corruption. For the bi-directional LSTM, we find a higher gain for all the down-
stream tasks. The Inception model exhibits smaller gains for downstream task 3, while the
transformer network shows no improvement for downstream task 2. When comparing the
bi-modal approach to the uni-modal method using atmospheric transformation (Chap-
ter 4), we observed performance gains in all experiments except for the LSTM model
in downstream task 3. Given the improvement found in most test cases, we can con-
clude that bi-modal contrastive learning helps in learning an expressive representation for
crop classification. In the bi-modal setting, the network has learned to take into account
finer-scale features from the higher-resolution Planetscope data during pre-training. As
a result, the classification accuracy increases even when only Sentinel2 data are fed into
the pre-trained network. All our test cases are pixel-wise crop classification. The new
method can, however, be transferred to other downstream tasks like a prediction of crop
yield or identification of the nutritional value of the crop at a location.

5.8 Discussion

We have shown the benefits of our bi-modal contrastive learning method over baseline
methods (random feature corruption and atmospheric transformation discussed in Chap-
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ter 4) but there are many points to be discussed. We have already highlighted some of
the existing methods and SimCLR-like loss functions for bi-modal pre-training experi-
ment setup. Our approach differs from existing methods in several key aspects. Unlike
SeCo (Manas et al. 2021), which used only Sentinel2 data and classical image transfor-
mations, we align two optical remote sensing sources (Sentinel2 and Planetscope) with
different properties for contrastive learning. While some studies (Scheibenreif et al. 2022;
C. Liu et al. 2022) have implemented multi-modal contrastive learning approaches in re-
mote sensing by aligning optical (Sentinel2) with radar (Sentinell) images, our method
focuses on pixel-level analysis rather than whole images. This pixel-wise approach is
particularly beneficial for crop classification and eliminates the need for field boundary
information, making it fully self-supervised. While SCARF (Bahri et al. 2021), SAINT
(Somepalli et al. 2021), and VIME (Yoon et al. 2020) utilize various augmentation tech-
niques for tabular data, our approach employs SimCLR (T. Chen et al. 2020) contrastive
loss on distinct data sources. Our methods leverage the availability of multiple sources in
the field of remote sensing. Although several competitive loss functions exist, we found
that SimCLR outperforms others like Barlow twins (Zbontar et al. 2021) in our bi-modal
setup, aligning with findings from SCARF authors on OPENML-CC18 (Bischl et al. 2021)
data. The other loss functions, MoCo (He, Fan, et al. 2019), BYOL (Grill et al. 2020), and
DiNo (Caron, Touvron, et al. 2021) are not feasible for bi-modal contrastive experimental
setups as the training with loss functions employs two networks with similar architecture
but the weights are not shared between them. So, our proposed method offers a novel ap-
proach to crop classification using contrastive self-supervised learning, thereby advancing
the fields of remote sensing and agricultural monitoring. = Using a single 32GB NVIDIA
Tesla V100 GPU, we can obtain the pre-trained model in just 6 hours. The model archi-
tecture consists of an 8-layer ResMLP, which is relatively small and allows for larger batch
sizes. This is particularly advantageous because SimCLR is not parallelizable. However,
increasing the number of layers will lead to longer pre-training times. Once pre-trained,
the model can utilize either LSTM or transformer architectures as its base. While LSTMs
are inefficient during training due to backpropagation through time, they run sequentially
during deployment with a computational complexity of O(1). In contrast, the attention
mechanism in transformers has a computational complexity of O(N?). The Sentinel2 time
series data for one year contains a maximum of 144 timestamps, which is significantly
less than the data typically handled in generative tasks performed by GPT models. This
limited number of timestamps has minimal impact on computational time when using
modern GPUs. During training for 20 epochs, both models averaged less than 20 minutes
for the datasets in downstream tasks 1 and 2. When scaling to millions of pixels, paral-
lelization becomes necessary during deployment. Since this application is not real-time,
we find our approach to be practical in large-scale implementations.  There are some
limitations of the network architecture in our approach. ResMLP is still not a state-
of-the-art network. The recently proposed Spectral MAMBA network (Yao et al. 2024)
has shown promising results on hyperspectral image classification. It is worth noting the
feasibility of such a model as a substitute for ResMLP. The second limitation is that
our work assumes that a landcover classification model is available that can detect the
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croplands in arbitrary satellite scenes. Pre-training on all types of landcover might result
in a representation that is less suitable for crop classification. Furthermore, the method
only considers the spectral component and does not consider the potential information
coming from neighboring pixels. Extending our method to include the spatial context
might improve the results further.



CHAPTER 6

BERT Bi-Modal Self-Supervised
Learning for Crop Classification
Using Sentinel2 and Planetscope

This chapter builds upon the work presented in Chapter 5, advancing the exploration
of self-supervised learning strategies to encompass both spectral and temporal aspects
of remote sensing data. To enhance the multi-modal approach introduced earlier, those
approaches have been expanded to models capable of processing sequential data, thereby
incorporating temporal information. This strategy enables the model to implicitly learn
general temporal patterns from a large volume of unannotated data samples. The newly
proposed approach, when compared to the method outlined in Chapter 5, demonstrated
improved performance in the majority of test cases. In the remaining instances, the results
were comparable.

Individual Contribution
The following chapter is based on our paper which is currently submitted.
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Patnala with the motivation to use advanced methods. Martin G. Schultz and Juergen
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6.1 Introduction

Crop classification is the process of identifying crops at a particular location based on
the temporal pattern of their spectral signature obtained from satellite missions. The
evolution of the spectral signature, which varies from crop to crop, is influenced by the
crop’s phenological traits such as its life cycle stages (seeding, budding, growing, and
sprouting) (Meier et al. 2009). Thus, temporal information plays a crucial role in crop
classification by capturing these phenological patterns over the growing season. Exploiting
the temporal information will help in various applications such as optimizing farming
practices and increasing crop yields.

Accurate crop classification from satellite imagery is crucial for agricultural monitor-
ing (Luo et al. 2024), yield estimation (Dell’Acqua et al. 2018), and ensuring food secu-
rity (Ray et al. 2022). Satellite missions such as Sentinel2 (ESA 2021) have provided large
amounts of data, but annotating them is costly and laborious. Conventional approaches
like random forest algorithms have shown limitations in their ability to generalize effec-
tively. These models struggle to accurately predict outcomes for crop fields at different
locations and even the same crop fields at different time points, as evidenced by (Racic¢
et al. 2020; Hiitt, Waldhoff, and Bareth 2020b).

Recent self-supervised approaches have shown promise in leveraging unlabeled remote
sensing data by learning representations that capture meaningful patterns (Scheibenreif
et al. 2022). Self-supervised learning involves training a model on a pretext task where
the supervision signal is derived from the input data itself, rather than human-annotated
labels (Gui et al. 2024).

Training such pre-text task is termed as pre-training. Once the model is pre-trained, it
can easily be transferred to tasks where few annotated samples are available. It is found
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that such models have better performance than equivalent-sized models that are trained
from scratch. Self-supervised learning has shown promising results through contrastive
learning approaches in computer vision (T. Chen et al. 2020) and masked language mod-
eling techniques like BERT (Devlin et al. 2018) and GPT (Brown et al. 2020) in natural
language processing. Contrastive learning aims to learn representations that bring similar
data samples closer while pushing dissimilar ones apart.

Data augmentation generates meaningful similar pairs, allowing the model to learn the
shared signals between them. However, designing these transformations is critical (Pu-
rushwalkam and Gupta 2020). This task becomes even challenging when working with
tabular data, such as satellite reflectance values. One approach to generate such a similar
pair for the tabular data is by employing SCARF (Bahri et al. 2021). SCARF employs
random feature corruption, where parts of the input data are randomly corrupted to
create a noisy “view” that serves as the positive pair for contrastive learning. Another
approach to generate the required positive samples for remote sensing images is by using
two data sources, i.e. bi-modal contrastive learning (refer to Chapter 5). Specifically
in the context of crop classification, this approach leverages the complementary benefits
from the higher spectral information of Sentinel2 data (ESA 2021) and the higher spatial
resolution of Planetscope data '. This bi-modal approach outperformed uni-modal self-
supervised baselines for downstream crop classification. The two sources are only used
during pre-training. This means that inference of crop types can later be done with open
access Sentinel2 data alone, while the fine spatial resolution information implicitly learned
from Planetscope is still implicitly available from the model.

In this work, we propose to supplement the idea of exploiting varying spectral and spa-
tial resolutions (refer to Chapter 5) by also leveraging the varying temporal resolutions
of Sentinel2 and Planetscope. We identified the challenges associated with extending
spectral bi-modal contrastive learning to a spectro-temporal bi-modal contrastive frame-
work (as detailed in Subsection 6.5.4). To address these challenges, we proposed utilizing
BERT (Devlin et al. 2018), a bidirectional transformer model, as an alternative approach
to contrastive self-supervised learning while employing on a spectro-temporal domain.
BERT is widely adopted in natural language processing but has also been applied, for
example, for pre-training of a generalized weather model (Lessig et al. 2023). Its bi-
directional nature allows capturing context from both preceding and succeeding time
steps, providing a more comprehensive sequential representation. A key advantage of our
bi-modal BERT approach over contrastive learning setups (T. Chen et al. 2020) is that it
requires only a single transformer model. Contrastive methods typically involve separate
encoders for different modalities. Since contrastive approaches require very large batch
sizes for training, requiring two transformer based encoders is a strong limitation.

Recent works have shown that adding auxiliary tasks in parallel to the main pretext
objective can further boost the performance of the pre-trained model on downstream
applications (Ayush et al. 2020). Here in the context of our tasks, we propose two novel
auxiliary losses alongside our bi-modal BERT approach: seasonal classifier loss and cloud
prediction loss. The seasonal classification loss enables the model to learn phenological
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nuances across different crop growing seasons, and the cloud prediction loss makes the
model aware of atmospheric distortions of the measured satellite reflectance.

The structure of this chapter is organized as follows: Section 6.2 outlines the dataset
employed in our experimental framework and emphasizes the subtle differences in data uti-
lization between our competitive experimental setup and our standard approach. Section
6.3 provides a comprehensive explanation of the BERT methodology and its application
in this study, along with a detailed description of the auxiliary losses incorporated in our
research. Section 6.4 delves into the implementation specifics of our experimental setup,
while the ablation study discussed in Section 6.5 examines the sensitivity and impact
of various parameters. Section 6.6 presents a comparative analysis of our experimental
setup against the baseline configuration. Finally, Section 6.7 summarizes our findings,
and Section 6.8 explores the implications and potential avenues for future research.

6.2 Datasets

Before we describe the self-supervised learning method in Section 6.3, we briefly describe
the datasets that are used for self-supervised learning and the evaluation on three dif-
ferent downstream tasks. We use the data from the DENETHOR (Kondmann et al.
2021) dataset that is used in Chapter 5. The dataset includes data from Sentinel2 and
Planetscope. As illustrated in Figure 6.1, Planetscope has a finer spatial resolution than
Sentinel2. While the previous work employs ResMLP for their contrastive learning ap-
proach that randomly sampled pixels at each time step of Sentinel2 and enforced similarity
to the corresponding pixels in the Planetscope data, we propose a spectro-temporal self-
supervised method that leverages the temporal dimension by fixing a set of pixel locations
and collecting the associated time series of Sentinel2 and Planetscope reflectance values,
as illustrated in Figure 6.1. For self-supervised training, we sample 150,000 time series
where each time series consists of 144 points, spanning the whole year.

The downstream evaluation tasks for crop classification are the same as those used in
Chapter 5. There are three downstream tasks in total. The downstream task 1 is from the
same spatial region (Brandenburg, Germany) as the pre-training dataset from the year
2018. The downstream task 2 is from a different spatial region, albeit still in Brandenburg,
and the measurements are from the year 2019. Both downstream task 1 and 2 consists
of total of 45000 training data samples and 9000 validation data samples each with equal
distribution across 9 classes of crops. In downstream task 3, the measurements are taken
from a different region (Brittany, France). It includes 54000 training data samples and
6000 validation data with samples uniformly distributed across 6 classes.

6.3 Methods

We propose a novel bi-modal BERT-inspired pre-training strategy inspired by the original
BERT model (Devlin et al. 2018) for encoding contextual representations of sequential
data like text. In the original BERT, a tokenized text from a sentence is passed through
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Figure 6.1: Illustration of the sampling of the pre-training dataset in the baseline model (a)
and in the spectro-temporal self-supervised method (b). In the baseline spectral contrastive
method, the spectrally resolved measurements from the same spatial location and the same timestamp
are chosen as complementing pairs as indicated by the red lines connecting the pixels. In our new spectro-
temporal self-supervised method, the time series of each pixel or group of pixels (shown with blue color)
are used as corresponding pairs. In both panels, the top part represents Sentinel2 and the bottom part
represents Planetscope.
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the encoder part of a transformer. Before passing it to the encoder, some tokens are
masked. Among these masked tokens, some are simply replaced by random values, some
are replaced by other values from the distribution, and a few tokens are re-inserted with
their original values. Similar to BERT’s masked language modeling approach, we ran-
domly mask timestamps in the Sentinel2 input sequence before passing it through the
transformer encoder.

Our pre-training objective is to predict the corresponding high-resolution Planetscope
reflectance values at the masked time steps and spatial locations. For this, the model has
to use the contextual information from the unmasked time steps of the Sentinel2 data.
To exploit the finer temporal resolution of Planetscope data, we extend this approach
to predict not just the original masked time step, but also the reflectance values for
two preceding time steps. This multiple timestamp prediction strategy encourages the
model to capture the finer temporal resolution of Planetscope. Since we are dealing with
a regression task, the loss function used is the mean squared error (MSE) between the
predicted and actual Planetscope reflectance values averaged over the three time steps.
Figure 6.4 illustrates this setup.

We now describe the loss functions that are used for self-supervised learning more in de-
tail. A Sentinel2 time series with 12 spectral channels is denoted as x; = (Xg1,X52, X3 - - - s X5t )
where t = 144 and x,; € R!2. A Planetscope time series is denoted as Xp = (Xp1,Xp2,Xp3 -+, Xpr)
where ¢ = 365 and each time step x,; € R36, where Xpi is the concatenation of 4 spectral
channels over 9 pixels. Note that Planetscope has a higher spatial and temporal resolution
than Sentinel2 as illustrated in Figure 6.1. While it is already demonstrated the benefit
of using additional data from Planetscope for self-supervised learning although the down-
stream tasks are only for Sentinel2 data, we show that our proposed spectro-temporal
model, which considers the temporal information over an entire year and includes two
novel loss functions that consider seasonal and cloud effects, outperforms the bi-modal
contrastive learning method.

Our BERT model is denoted by F and it learns a representation z = F(x;) for a Sentinel2
time series with 144 timesteps. Each timestep z; € R*° is represented by a 256 dimensional
vector. Out of the 144 timesteps, we randomly select 90% of the timesteps denoted by T.
The selected timestamps are then passed to a linear layer g(zy) to obtain yg; € R36. The
corresponding timestamp for Planetscope is denoted as x,; € R36. We then compute the

MSE:
1

Lpers = ==
bert 2|T|

2
Z H)’si _xpi” ) (6.1)
icT
i.e., we aim reconstruct the values of the spectral channels of the Planetscope data for
the corresponding timestep. Since Planetscope has a higher temporal resolution than

Sentinel2, we reconstruct not only 1 timestep but 3. In this case, yy; € R3*36 and Xpi € R3¥36,

To further improve the representation that is learned in our bi-modal BERT model, we
incorporate two auxiliary losses in parallel, namely seasonal loss and cloud loss. A seasonal
classification loss is used to capture phenological nuances across different crop growing
seasons. The transformer outputs z are aggregated by month, i.e., z,, for m € {1,...,12},
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and passed through a linear classifier h,, to predict ¢, the class probabilities of each

month label {1,...,12}. We then use the cross-entropy as seasonal loss:
1 12
Lseasonal - _E Z log(cm,m)a (62)
m=1

where ¢, is the predicted probability of the month m for z,. This encourages the model
to implicitly learn seasonal patterns that influence crop traits. Figure 6.3 illustrates the
seasonal loss.

An additional cloud prediction loss is used to make the model aware of atmospheric
distortions and implicitly learn the effect of clouds on the measured reflectance. Cloud
measurements are readily available in the Sentinel2 dataset and discretized into 32 cloud
levels. We select a subset of timesteps Tyjouq to directly predict the cloud levels for each
timestep i € T.jouq using a linear layer with softmax [; = h(zs), where we denote the
probability of a cloud level j at timestep i by /; ; and the ground-truth cloud level by cl;.
As cloud loss, we then use the cross entropy loss:

1

32
—m Z Li—e, log(l,-J)? (6.3)

i€ Tcloud j:]

Lcloud =

where I is the indicator function, which is 1 if x is true and otherwise 0. The loss is
illustrated in Figure 6.3.
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Figure 6.3: Auxiliary cloud prediction loss

6.4 Experiments

6.4.1 Implementation Details

As a backbone, we used a transformer model (Dosovitskiy et al. 2020) with 32 layers.
Instead of using 2D convolutions in the initial layer, we used 1D convolutions to process
the time series data of Sentinel2. The pre-training objective was to minimize the mean
squared error (MSE) between the model’s predicted reflectance values and the actual
measurements from the Planetscope sensors. For training, we use the following masking.
10% of the tokens are masked to predict the cloud level for the cloud prediction auxiliary
task. Another 70% are masked and replaced with random values, 10% are replaced with
values sampled from the data distribution, and the remaining 10% are left unchanged.
The network was trained for 100 epochs using a batch size of 64. The initial learning
rate was set to 1073, with a warmup period of 5 epochs. A cosine annealing scheduler
was employed to regulate the learning rate during training. The self-supervised trained
transformer model provides a contextual time series representation.

For downstream tasks, this contextual time series representation serves as input to
various base models (bi-directional LSTM, inceptiontime, and transformer) as depicted
in Figure 6.5. To evaluate the effectiveness of our pre-trained model across different
model configurations, we randomly generated 10 network instances for each base model
type (LSTM, inceptiontime, and transformer) using Optuna (Akiba et al. 2019). For
bidirectional LSTM, the hyperparameter space is defined as follows: dimensions of the
hidden layer as one of {32,64,128,256}, number of layers between 2 and 6, and learning
rate in the range from 107> to 1073, For inceptiontime, the hyperparameter space is
specified as follows: number of layers as either 2, 4, or 8, dimension of hidden layer as one
of {128,256,512,1024}, kernel size as one of {40,80,120, 136}, and learning rate between
10> and 1073, The hyperparameter space for position encoded transformers is defined
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Figure 6.4: Schematic setup of our bimodal BERT model. Our model is trained on time series data from
Sentinel2 and Planetscope. The time series have different spatial and temporal resolutions. In this case,
we only illustrate the temporal resolution. A subset of the Sentinel2 time series is masked and the model
is trained to predict the corresponding values of the Planetscope time series. Since Planetscope has a
higher temporal resolution, the values of 3 timestamps instead of 1 timestamp are predicted.

as follows: the dimension of the model is either of {32,64,128}, the number of attention
heads as one of {2,4,8}, the number of layers between 2 and 6, and the learning rate
ranges between 107> and 1073,

6.5 Ablation Studies

This section presents an ablation analysis investigating how various parameters affect the
performance of both the ResMLP and BERT pre-trained models. We explore the follow-
ing aspects: Impact of number of layers in the ResMLP model (Subsection 6.5.1), effect
of number of layers in the BERT model (Subsection 6.5.2), influence of masking rate
on BERT (Subsection 6.5.3), and comparison between BERT and the spectro-temporal
contrastive approach (Subsection 6.5.4). Analysis of auxiliary losses’ contribution to the
BERT model, specifically the seasonal classification and cloud prediction losses. Further,
in the same subsection, we analyzed the effect of predicting multiple timestamps (Subsec-
tion 6.5.5). Finally, we examined the effects of different loss functions for auxiliary tasks
(Subsection 6.5.6)

For all case studies, we report the mean classification accuracy and standard deviation
across 10 models with varying hyperparameters (see Section 6.4.1). Our results focus on
downstream task 2, as described in Section 6.2. We limit our ablation studies to LSTM and
transformer architectures due to the inferior performance observed in inception models.
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Figure 6.5: Experiment setup of the crop classification downstream tasks using the pre-trained trans-
former network. Each pixel is selected and the corresponding time series is then passed to the pre-trained
Sentinel transformer. The output of the transformer model is an encoded representation of the time
series, which is then passed to the base model for multi-class time series classification.

6.5.1 Number of layers on ResMLP model

Figure 6.6 illustrates the effect of increasing the number of layers on the ResMLP model’s
performance for both LSTM and Transformer architectures. The mean accuracy increases
by increasing the number of layers. Notably, for LSTM models, there is a marginal
increment observed when transitioning from 32 to 64 layers.

6.5.2 Effect of Number of Layers on BERT Model

Figure 6.7 illustrates the effect of increasing the number of layers for the BERT model.
We observe improvement for both LSTM and transformer architectures upon increasing
the number of layers. To accommodate the larger models on a single GPU, a batch size
of 128 was used for the transformer with 16 layers, while a batch size of 64 was used for
32 layers.

It is important to note that for the rest of the BERT ablation experiments, a 16-layer
transformer architecture was used as the benchmark model for comparing the effects of
other parameters and design choices.
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Figure 6.8: Effect of masking rate for BERT model. Plot a) corresponds to LSTM and plot b) corresponds
to transformer.

6.5.3 Effect of masking rate on BERT model

Figure 6.8 illustrates a relationship between the masking rate and its effect on accuracy.
For LSTM architectures, we observe an increasing trend in performance as the masking
rate is increased from 15% to 90%. In the case of Transformer models, the accuracy
improves from a 15% masking rate up to 60%, after which it plateaus with no significant
gains observed at the 90% masking level. The mean difference in accuracy between the
15% and 90% masking rates is approximately 11.01% for LSTM models and 6.84% for
transformer models.

6.5.4 Comparison between BERT and Spectro-Temporal Contrastive

Spectro-temporal contrastive should have been a natural extension of the spectral con-
trastive method. Instead of utilizing spectral pairs from the same timestamp as comple-
mentary views, the spectro-temporal contrastive strategy uses the time series of spectral
measurements for each pixel location as the corresponding complementary pair. Figure
6.9 provides a visual description of our spectro-temporal contrastive method.

The spectro-temporal contrastive approach has certain drawbacks. This method uses
two separate transformer models, which poses a constraint on the maximum batch size.
Consequently, we conducted a comparative evaluation between our proposed BERT method
and the spectro-temporal contrastive strategy using a smaller transformer architecture,
specifically one with 4 layers and an embedding dimension of 64.

Table 6.1 demonstrates the superiority of BERT over the spectro-temporal contrastive
method for both LSTM and transformer. For LSTM, there is a mean overall difference
of 15.05% and for transformer, it is around 10.55%.
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Figure 6.9: Spectro-temporal contrastive method.

Table 6.1: Comparison of BERT and spectro-temporal contrastive method when evaluated on LSTM and
transformer base model

Accuracy(mean +std)

Pre-trained model LSTM Transformer
BERT 73.94 +£1.21 | 79.51 +1.05
Spectro-temporal contrastive | 58.89 +1.53 | 68.96 +2.21

6.5.5 Contribution of Auxiliary Losses and Multiple Timestamps

The inclusion of the cloud prediction auxiliary loss results in an overall increase in mean
accuracy of 3.88% for LSTM and 2.14% for Transformer models, highlighting the effec-
tiveness of this auxiliary task. Similarly, the addition of the seasonal classifier as an
auxiliary loss during pre-training leads to an overall increase in mean accuracy of 6.99%
for LSTM and 4.65% for Transformer models, showing the benefits of including seasonal
information.

Furthermore, Table 6.3 highlights the advantages of predicting three future time steps
during pre-training over predicting a single time step. This results in an overall increase
in mean accuracy of 6.27% for LSTM and 3.74% for Transformer models.

6.5.6 Comparison between Different Loss Function for Auxiliary Tasks

We compared our proposed cross-entropy loss for the auxiliary task against the mean
square loss.
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Table 6.2: Impact of seasonal loss and cloud loss

Accuracy (mean + std)

Loss LSTM Transformer
BERT (proposed) 73.94+1.21 | 79.51£1.05
BERT without cloud prediction loss | 70.06+1.41 | 77.37+1.98
BERT without seasonal classifier loss | 66.95+1.20 | 74.86+3.90

Table 6.3: Impact of the number of predicted timestamps

Accuracy (mean =+ std)
Predicted timestamps | LSTM Transformer
3 (proposed) 73.94+1.21 | 79.51 £1.05
1 67.67+£1.96 | 75.77+2.98

Table 6.4 demonstrates the superiority of cross-entropy loss over the use of MSE loss for
auxiliary tasks. For LSTM, there is a mean overall difference of 3.62% and for transformer,
it is around 3.55%.

6.6 Results

We compare our proposed spectro-temporal BERT model with a contrastive learning
baseline that uses datasets with different spatial resolutions, but does not rely on temporal
information for self-supervised learning, as illustrated in Figure 6.1. The baseline ResMLP
consists of 64 layers and was trained with a batch size of 2048. For comparison, we use
comparison plots and absolute gain in performance. In the comparison plot, the x-axis
presents the accuracy of the ResMLP model and the y-axis represents the accuracy of
the BERT model for self-supervised learning. The dotted line across the plot represents a
break-even line. Points above the diagonal break-even line, plotted in red, indicate BERT’s
superiority over ResMLP, while green points below the line indicate inferior performance.
In the plot, we also reported the fractional win score, calculated as the number of times
out of 10 experiments that BERT surpassed the ResMLP model, i.e.,

YN I(accpgrr > accresmrp)
N

Win__score = (6.4)

Figures 6.10, 6.11, and 6.12 present the comparison plots evaluating the competitive
pre-trained models across downstream tasks 1, 2, and 3, respectively. A separate eval-
uation is done for each base model, i.e., LSTM, inception, and transformer. Since 10
different hyperparameter configurations are employed for each base model, the number of
experiments is 10.

Figure 6.10 presents the comparison and box plots comparing the performance of our
proposed BERT model against the ResMLP baseline for downstream task 1. The win-
ratios, indicating the number of times (out of 10 experiments) BERT surpassed ResMLP,
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Figure 6.10: Comparison and box plot for all pre-trained models on downstream task 1. Plots
(a), (c), and (e) show the comparison plots for LSTM, inception, and transformer, respectively. Panels
(b), (d), and (f) correspond to box plots showing an absolute gain for our proposed BERT model over

the ResMLP pre-trained model.
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Table 6.4: Comparison between different losses for the auxiliary task on BERT model when evaluated on
LSTM and transformer base model

Accuracy(mean +std)
Pre-trained model LSTM Transformer
BERT (Cross-entropy) | 73.94 +1.21 | 79.51 £1.05
BERT (MSE) 70.32 +£1.99 | 75.96 +£1.97

are 10/10 for LSTM, 9/10 for inception, and 7/10 for transformer models. The mean
classification accuracies achieved by ResMLP models are 64.43% + 3.06% for LSTM,
23.41% £+ 6.18% for inception, and 75.20% +4.76% for transformer models. For LSTM,
the mean gain of BERT over the ResMLP is 7.04% (min: 3.02%, max: 14.46%). In the
case of inception, the mean gain is 3.57% (-0.62%, 8.49%). For transformers, the mean
gain is 1.44% (-1.21%, 9.18%)).

Figure 6.11 presents the comparing results for downstream task 2. The win-ratios
are 10/10, 10/10, and 6/10 for LSTM, inception, and transformer, respectively. The
mean classification accuracies achieved by ResMLP models are 62.88% +2.86% for LSTM,
22.01% +4.28% for inception, and 77.80% +5.92% for transformer. For LSTM, the mean
gain of BERT over the ResMLP is 12.24% (8.68%, 19.75%). In the case of inception,
the mean gain is 12.28% (9.05%, 15.98%). For transformers, the mean gain is 2.26%
(—=3.27%, 13.54%).

Figure 6.12 presents the results for downstream task 3. The win-ratios are 3/10 for
LSTM, 9/10 for inception, and 6/10 for transformer. The mean classification accuracy
achieved by the ResMLP models is 56.32% +0.47% for LSTM, 16.37% +5.97% for incep-
tion, and 53.87% +2.82% for transformer. For LSTM, the mean gain of BERT over the
ResMLP is —0.11% (—0.70%, 0.56%). It is the only setting where BERT performs on
average worse than ResMLP. In the case of inception, the mean gain is 5.91% (—3.47%,
18.59%). For transformers, the mean gain is 1.15% (—2.05%, 6.93%) for BERT.

Table 6.5 presents the classification accuracy achieved by models trained using the
representations learned from the ResMLP self-supervised approach and our proposed
BERT bimodal method across all three downstream crop classification tasks.

Based on the experimental results presented, the proposed bi-modal BERT approach
demonstrates consistent performance gains over the baseline ResMLP method across the
three downstream crop classification tasks and different base model architectures (LSTM,
InceptionTime, Transformer). For LSTM architectures, the BERT approach is clearly
superior on downstream tasks 1 and 2. On task 3, there is no improvement and the
performance is comparable to ResMLP, with most model configurations lying close to the
break-even line as shown in Figure 6.12. In the case of transformer models, the BERT
method consistently outperforms ResMLP across all tasks. Figures 6.13 and 6.14 present
visualization maps that compare the performance of the BERT model against the ResMLP
baseline model. These maps specifically illustrate the results for one configuration on
downstream task 2. The plots from different configurations also showed similar results.
We are showing results from downstream task 2 because its data is relatively similar to
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Figure 6.11: Comparison plot and box plot for all pre-trained models on downstream task
2. Plots (a), (c), and (e) show the comparison plots for LSTM, inception, and transformer, respectively.
Panels (b), (d), and (f) correspond to box plots showing absolute gain for our proposed BERT model

over the ResMLP pre-trained model.
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Figure 6.12: Win-matrix and box plot for all pre-trained models on downstream task 3. Plots
(a), (c), and (e) show the win-matrix for LSTM, inception, and transformer, respectively. Panels (b),
(d), and (f) correspond to box plots showing an absolute gain for our proposed BERT model over the
ResMLP pre-trained model.
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Table 6.5: Accuracy of the models for both pre-trained ResMLP self-supervised model and
our proposed BERT model in three different downstream tasks.

Downstream | Downstream ResMLP Proposed BERT model
Tasks Network (mean +/- std) | (mean +/- std)

LSTM 64.43% +/- 3.06% 71.47% +/- 0.77%
Task 1 InceptionTime | 23.41% +/- 6.18% 26.97% +/- 6.95%
Transformer | 75.20% +/- 4.76% 76.64% /- 2.09%
LSTM 62.8%% +/ 2.86% | 75.12% +/- 1.11%
Task 2 InceptionTime | 22.01% +/- 4.28% 34.29% +/- 3.68%
Transformer | 77.78% +/- 5.90% 80.04% +/- 1.26%
LSTM 56.32% +/- 0.47% | 56.21% +/- 0.24%
Task 3 InceptionTime | 16.37% +/- 5.97% 22.28% +/- 7.13%
Transformer | 53.87% +/- 2.82% 55.02% +/- 0.81%

the data used for pre-training, unlike the data in downstream task 3. Also, the data
for downstream task 1 is from the same region and time, so it doesn’t provide a nice
variability.

In summary, the proposed spectro-temporal BERT method outperforms the ResMLP
baselines in 8 out of 9 cases and it is on par in one case. By using very different architec-
tures for the time series classification with 10 different hyper-parameters each, we showed
that the results generalize across different architectures. The results show the advantage
of a temporal model compared to a contrastive learning approach. Note that both the
proposed spectro-temporal BERT model and ResMLP utilize data from different sources
with different spatial and temporal resolutions, namely Sentinel2 and Planetscope, but
only our approach leverages the higher temporal resolution of Planetscope.

6.7 Conclusion

In this study, we extended the work mentioned in Chapter 5 by introducing an innovative
bi-modal approach that combines spectral and temporal data from two satellites for self-
supervised pre-training and by adopting a BERT-style training strategy. We tested this
method on three distinct downstream tasks related to crop classification. Our method-
ology draws inspiration from the BERT model but is adapted to predict Planetscope
reflectance values from Sentinel2 data. Our model utilizes spectral values for a spatial
and temporal range of Sentinel2’s coarser resolution temporal signature to predict tempo-
ral signature with the properties of Planetscope’s higher spatial and temporal resolution.
We also developed two new loss functions for self-supervised learning. The seasonal clas-
sifier loss enhances the model’s ability to differentiate between seasons, while the cloud
prediction task utilizes metadata to inform the model about cloud coverage in pixels at
specific times, allowing it to implicitly understand cloud-related distortions in reflectance
readings. As evidenced by the results in Section 6.6, our BERT bi-modal model con-
sistently outperformed the ResMLP model across most test scenarios, and in cases with
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ResMLP pre-trained model. Green points indicate where the predictions are correct, and red points
show where predictions are wrong. The results are from the LSTM model evaluated on the validation set
of downstream task 2. Out of 10 available hyperparameter configurations, these results were obtained
using hyperparameters corresponding to model number 5.
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validation set of downstream task 2. Out of 10 available hyperparameter configurations, these results
were obtained using hyperparameters corresponding to model number 5.
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marginal gains, it performed comparably. This suggests that our BERT approach, pre-
trained on combined spectro-temporal information and enhanced with auxiliary seasonal
and cloud prediction losses, learns representations that are highly effective for crop clas-
sification. We anticipate that this approach is scalable and that the model’s performance
could further improve with larger training datasets.

6.8 Discussion

We have demonstrated the advantages of employing spectro-temporal self-supervised
methods over those that solely utilize spectral components. The BERT approach of-
fers a key benefit over its spectro-temporal contrastive counterpart: it requires only one
transformer model during training and can be easily scaled across multiple devices us-
ing data-distributed parallelism techniques (S. Li et al. 2020b). While alternative loss
functions to contrastive loss, such as Barlow Twins, have been explored, studies like
SCARF have demonstrated that these methods fail to yield superior representations for
tabular data. Similarly, Chapter 5 highlights these findings, showing comparable results
for time series crop data. Other loss functions, including MoCo (He, Fan, et al. 2019),
DiNo (Caron, Touvron, et al. 2021), and BYOL (Grill et al. 2020), employ momentum-
based distillation techniques, thus making them less adaptable to multi-modal setups.
Our transformer model takes roughly 20 hours to train for 100 epochs on V100 32GB
GPUs, mainly due to our selection of a higher number of layers and a large dimension for
the intermediate MLP layer. However, the ResMLP model, with an equivalent number
of layers and hidden dimensions, exhibits similar training times. It is worth noting that
the transformer has a computational complexity of O(Nz). In our experimental setup, we
use 144 time stamps as tokens, which mitigates the impact of this complexity. Emerging
state space models like MAMBA (Gu and Dao 2024a) show promise in competing with
transformers, offering both convolutional and recurrent setups for faster training and in-
ference, respectively. Such models are beginning to gain traction in the remote sensing
community (Yao et al. 2024). The limitations of our approach are as follows: Our pre-
training process uses a regional dataset that focuses specifically on croplands in a small
area of Brandenburg. This limited geographical scope restricts the model’s ability to
generalize to other regions, particularly in developing areas where labeled data is scarce.
The model’s performance could potentially be improved by expanding the pre-training
dataset to include samples from a wider range of geographic locations. This expansion
would allow the model to learn more diverse crop patterns and potentially make it more
suitable for use in developing countries where fewer labeled examples are available. In this
study, we utilized data from DENETHOR and Breizhcrop, where the crop data covers
a complete annual production cycle. However, if crops with varying annual cycles are
involved, systematic batching or modern GPUs equipped with flash attention would be
required. Flash attention enables efficient processing of variable-length data within a sin-
gle batch, making it suitable for such scenarios. Additionally, our current approach uses
a 3x3 set of pixels for Planetscope without considering larger spatial contexts. Recent
works like UBARN (Dumeur, Valero, and Inglada 2024b) and ALISE (Dumeur, Valero,
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and Inglada 2024a) have explored BERT-style training in the spatio-spectro-temporal do-
main, albeit using a single source. A promising future direction would be to investigate
how our multi-modal strategy could be applied to such models.
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7.1 Overview

This thesis explores the significance of self-supervised learning in remote sensing and
investigates strategies to maximize the utilization of remote sensing data without anno-
tation. While most self-supervised learning algorithms have been developed for common
data types like natural images and text, our research focuses on adapting these tech-
niques to the unique characteristics of remote sensing data. Remote sensing has a wide
range of applications but in this thesis, our focus is on two applications: static landcover
classification, and time series crop classification. The unique characteristics of remote
sensing data pose significant challenges when applying contrastive self-supervised learn-
ing methods. Contrastive learning fundamentally depends on meaningful transformations.
However, remote sensing images differ substantially from natural images, particularly due
to the presence of multiple spectral bands beyond the visible spectrum. This distinction
complicates the application of standard transformations, which are primarily designed for
natural RGB images. Consequently, adapting contrastive learning techniques to remote
sensing data requires careful consideration of these spectral complexities.

In Chapter 4, the first challenge is addressed by developing atmospheric transformations
tailored for contrastive self-supervised learning on remote sensing images. Conventional
transformations designed for natural images are incompatible with remote sensing data.
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The proposed approach leverages atmospheric correction algorithms to create transfor-
mations that are applicable across all spectral bands. This method enables the use of
contrastive self-supervised learning techniques on multi-spectral remote sensing data. The
second challenge involves extending the benefits of self-supervised contrastive learning to
time series crop classification tasks.

In Chapter 5, a bi-modal contrastive learning approach is proposed that uses spectral
information from two different satellite missions. This method addresses the difficulty of
creating meaningful transformations for time series data of spectral reflections.

In Chapter 6, the bi-modal self-supervised technique is further explored such that it
leverages both the spectral and temporal aspects of remote sensing data. BERT, a widely
used method in natural language processing is adapted to address the unique challenges
of time series crop classification. This adaptation showcases the potential of BERT in
handling bi-modal self-supervised learning tasks within the remote sensing domain. The
proposed approach demonstrates how models originally designed for text analysis can be
effectively repurposed to extract meaningful patterns from the complex, multiple spec-
tral bands of satellite imagery time series for remote sensing applications such as crop
classification.

7.2 Summary of Contribution

The primary objective of this thesis was to develop and apply self-supervised learning
techniques specifically tailored for remote sensing data and its associated applications. At
the start of this research, self-supervised learning methods for remote sensing data were in
their early stages of development. During the course of this work, several research groups
rapidly explored and advanced these techniques. Nevertheless, this work maintains its
novelty through innovative approaches and provides a rigorous evaluation of results. The
following sections present a comprehensive overview and summarize the key contributions
made by this research.

7.2.1 Atmospheric Transformation as an Alternative to Color Jittering

Chapter 2 highlighted the unique characteristics of remote sensing imagery, prompting re-
search question 1: How can significant features be extracted from a large set of unlabeled
remote sensing data? To address this, contrastive learning, a cutting-edge self-supervised
learning technique, is proposed for remote sensing applications. Traditionally, contrastive
learning has been applied to natural images, which typically comprise three bands in the
visible spectrum. Key to this approach is meaningful transformations, particularly color
jittering and grayscaling, which alter images while preserving object textures. However,
naively extending these techniques to remote sensing imagery, with its multiple spectral
bands, alters the physical information inherent in each channel. In response, Chapter
4 introduces “atmospheric transformation” as a novel alternative to color jittering and
grayscaling. This method leverages atmospheric correction algorithms across all spectral
bands. By interpolating between corrected and uncorrected images, multiple views of
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the same scene are generated without distorting the underlying physical properties of
the land cover. We integrated this transformation into three distinct contrastive learning
algorithms and evaluated their performance on various downstream tasks. This research
led to two significant findings, the importance of non-visible spectrum channels in en-
hancing land cover classification accuracy and the efficacy of atmospheric transformation
in contrastive self-supervised learning for extracting crucial features from remote sensing
imagery.

7.2.2 Bi-Modal Contrastive Learning for Pixelwise Time Series Crop Classifi-
cation

As discussed in Chapter 5, crop classification presents unique challenges compared to static
landcover classification. Typically applied at either field parcel or pixel level, crop classifi-
cation becomes complex in an unsupervised context due to the absence of field boundary
information when analyzing random image patches containing multiple crop fields. Our
research question 2 addresses this challenge: How can a meaningful transformation for
tabular data, such as pixel-level spectral reflectance measurements, be developed to enable
self-supervised learning in this domain? The bi-modal contrastive self-supervised learning
approach is proposed that circumvents the need for explicit transformations by leveraging
multiple data sources (modes). In this study, the spectral information from two satellite
sources is used. The two sources are Sentinel2 and Planetscope. An experimental setup is
designed for downstream tasks that incorporate input from the self-supervised pre-trained
model into various time series classifier models, including convolutional (inceptiontime),
recurrent (bi-directional Istm), and transformer (vanilla position-encoded transformers)
architectures. Chapter 5 demonstrates the superiority and effectiveness of our bi-modal
self-supervised learning approach compared to SCARF, a popular uni-modal contrastive
learning method for tabular data. A key advantage of the proposed bi-modal approach
is its flexibility in deployment: the pre-trained model can be applied using only publicly
available Sentinel2 data for end-user downstream applications, eliminating the need for
commercial PlanetScope data while applying the pre-trained model.

7.2.3 Bi-Modal BERT for Spatio-Temporal Data

Crops exhibit temporal signatures and the crop classification models can be significantly
enhanced by incorporating temporal signatures, which provide richer and more dense in-
formation. Addressing research question 3 led to the exploration and development of a
self-supervised method that integrates both spectral and temporal components of crop
data. Chapter 6 demonstrated that simply extending contrastive learning from spectral
to spectro-temporal domains poses technical challenges, particularly in terms of batch
size limitations. Contrastive learning relies on large batch sizes for better generalization,
adhering to principles of alignment and uniformity. However, the use of two transformer
networks, coupled with GPU memory constraints, restricts this approach. By adapting the
BERT model, originally designed for encoding sequential text data, a better alternative
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for our spectro-temporal crop classification task is developed. This adaptation required
careful consideration of two key aspects, the first concern was designing an experimental
setup that effectively uses the BERT model for both pre-training and downstream tasks
and the other important concern was how to leverage the benefits of multiple modalities
within the BERT framework. The innovative setup involves training the model on Sen-
tinel2 data to predict Planetscope reflectance measurements. This approach maintains
the advantages of bi-modal contrastive learning and also provides the similar advantage
of deploying the model using only a single data source for end-user applications. The
downstream tasks are designed to be compatible with three different time series classifier
models, positioning the proposed BERT-based approach as a viable alternative to spectral
contrastive methods. Furthermore, the pre-training process is enhanced by incorporating
auxiliary losses: seasonal classifier and cloud prediction loss. A seasonal classifier loss
implicitly enables the model to generate distinct representations for different timestamps.
A cloud prediction loss uses metadata to help the model account for cloud-induced distor-
tions in surface reflectance measurements. The comprehensive ablation studies quantified
the significant performance improvements achieved by integrating these auxiliary losses
into our pre-trained model. This approach not only advances the field of crop classifica-
tion but also demonstrates the potential for adapting and enhancing NLP techniques for
remote sensing applications.

7.3 Outlook

Chapter 1 highlighted the significance of remote sensing across various domains, including
environmental research, agriculture, and urban planning. Further, it emphasizes how a
deeper understanding of land cover can enhance ecological, social, and economic aspects
of our lives. The chapter also addressed the vast amount of data available from satellite
missions, while noting the challenges associated with data annotation, particularly its cost
and complexity.

This research proposes the development of self-supervised methods as a solution to
harness the potential of this extensive unlabeled data, thereby mitigating the annotation
costs. The continued advancement of self-supervised techniques will be crucial for future
research in this field.

In the following section, the limitations of the approach in this work are critically ex-
amined and potential avenues for future research are explored. This discussion aims to
provide a balanced view of our contributions while identifying areas for improvement and
further investigation in the realm of self-supervised learning for remote sensing applica-
tions.

7.3.1 Limitations

Most of this work is built on top of contrastive learning. They have gained popularity in
several fields, including remote sensing, due to their effectiveness in learning meaningful
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representation without labeled data. However, several limitations will be discussed in this
section with a special focus on remote sensing.

Contrastive learning constraints The limited availability of similar pairs is a big
concern not only for contrastive learning but also for other instance-based discrimination
loss functions. Though the atmospheric transformation has proved to be effective, there
still remains a need for transformation that generates a higher degree of varying aug-
mented views such that it can take into account the complex nature of remote sensing
data i.e. the variability in temporal, spectral as well as spatial properties.

Scalability and performance issues Contrastive learning faces significant scalability
obstacles, primarily due to its reliance on large batch sizes. The inherent characteristics of
remote sensing data, including multiple spectral bands and high resolution, substantially
increase the computational demands for data handling and processing. Furthermore, the
incompatibility of standard available transformations with remote sensing data exacer-
bates the inefficiency. Thus, applying contrastive learning to remote sensing is not only
computationally intensive and time-consuming but also suffers from performance ineffi-
ciencies.

Data variability and noise issues Satellite imagery is acquired under diverse en-
vironmental conditions, including different times of day, seasons, weather patterns, and
cloud cover. These harsh and variable conditions often introduce noise and inconsisten-
cies in the measurements, altering the data captured by sensors. Such variability poses
challenges for contrastive learning algorithms in producing generalizable representations.
These algorithms may be misled by persistent noise patterns as a supervisory signal while
attempting to maximize mutual information between different views of the same scene.
Consequently, this hinders the ability of contrastive learning methods to extract right
features from remote sensing data.

Semantic understanding limitations Unlike natural images that typically feature
one or a few distinct objects, remote sensing images are characterized by a complex dis-
tribution of numerous objects with similar shapes or spectral properties across the entire
scene. This fundamental difference makes the extraction of semantic information partic-
ularly important for remote sensing applications. While most contrastive self-supervised
learning algorithms excel at instance-level discrimination, which is suitable for classifica-
tion tasks, they may struggle when applied to remote sensing imagery. This is because
remote sensing often demands pixel-level semantic understanding.

In the following part, the limitations in the context of self-supervised learning for crop
classification are discussed.

Crop classification challenges Crop classification is not as well investigated com-
pared to the landcover classification. The crop classification in the scientific community
is not standardized. Sometimes, a crop is represented as a pixel selected from its corre-
sponding crop’s field parcels, sometimes it is represented as an image of the field parcel.
Sometimes the field parcel is represented as a mean or the median of the surface reflectance
of all pixels in the field parcel. This diversity in representation methods creates significant
obstacles in establishing a standardized process for crop classification.



132 Chapter 7. Conclusion and New Research Directions

The field of crop classification exhibits two distinct approaches: method-centric and
data-centric. Method-centric works, such as UBARN (Dumeur, Valero, and Inglada
2024b), incorporate image analysis, while data-centric approaches like PRESTO (Tseng
et al. 2024) focus on pixel-level data, integrating various sources including weather data,
static variables (e.g., digital elevation models), and optical data. To advance the field,
there is a clear need for standardized benchmarks that address both methodological and
data aspects. For method-centric research, benchmarks like PASTIS (Garnot and Lan-
drieu 2021) could serve as a foundation for developing state-of-the-art algorithms. In
the data-centric domain, using a fixed model like PRESTO and supplementing it with
additional variables could help analyze which factors contribute most significantly to crop
classification accuracy. Distinguishing between these two approaches and developing them
separately is crucial for promoting comprehensive research in the field. This delineation
will allow focused advancements in both methodological advancement and data utilization
strategies, potentially leading to more robust and effective crop classification systems.

Scarcity of Comprehensive Labeled Datasets A significant challenge in crop clas-
sification is the dearth of readily available labeled data. While landcover classification
benefits from extensive programs like CLC (CORINE Land Cover) and IGBP (Interna-
tional Geosphere-Biosphere Programme), which have facilitated the creation of large-scale
datasets such as Bigearthnet (Sumbul et al. 2019) and Sen12MS (Schmitt et al. 2019),
crop classification lacks comparable initiatives. Though there exists datasets for crops such
as PASTIS (Garnot and Landrieu 2021), Eurocrops (Schneider et al. 2023), and Time-
Sen2Crop (Weikmann, Paris, and Bruzzone 2021) but these are comparatively small. The
absence of such large datasets has created a critical gap in this research field. Currently,
crop data is primarily sourced through commercial channels or in limited scope field cam-
paigns conducted for research purposes. These data collection efforts are often confined
to developed countries, creating a geographical bias in available datasets. This limita-
tion severely hampers the development and evaluation of self-supervised methods for crop
classification in diverse ecoregions and geographical regions. The scarcity of diverse, com-
prehensive, and freely accessible crop datasets poses a significant obstacle to advancing
research and innovation in this field. It restricts the ability to develop robust, generaliz-
able models and impedes the progress of self-supervised learning techniques specifically
tailored for crop classification tasks.

Subtle crop distinctions Certain crops exhibit similar growth patterns, making it
challenging to distinguish subtle variations between them. Most publicly available re-
mote sensing data have a temporal resolution on the order of days. In many regions,
particularly in Europe, Sentinel2 measurements are frequently distorted by cloud cover.
This combination of cloud-induced distortions and similar crop growth patterns creates
significant difficulties for models to learn distinctive features.

Pretext task design It is difficult to craft domain specific pretext tasks for crops.
Our multi-modal approach, while innovative, faced limitations in data collection due to
the commercial nature of Planetscope imagery. Consequently, our pre-training dataset
was restricted to a small region and a narrow time frame. This contrasts with the ideal
self-supervised learning scenario, which typically leverages vast and diverse datasets. For
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instance, a more comprehensive approach in our case could have used datasets span-
ning the entirety of Europe. Furthermore, the creation of truly domain-specific pretext
tasks incorporating crucial agricultural factors of the multi-annual data such as phenol-
ogy, weather patterns, and soil types remains a complex undertaking. These specialized
tasks, if successfully developed, could substantially enhance the representational power of
models for agriculture-related applications. The current limitations in pretext task design
underscore the need for continued research and innovation in this area to fully harness the
potential of self-supervised learning in crop classification and broader agricultural remote
sensing applications.

7.3.2 Potential Research Direction

Alternative instance based discriminative self-supervised methods The use of
contrastive learning has shown quite a lot of advances in the field. Different instance-based
discrimination self-supervised methods discussed in Chapter 3 have shown equally good
results when compared to contrastive losses. Some of them do not even require a higher
batch size. It would be worth investigating how other instance-based discrimination losses
perform.

SigLIP an alternative to CLIP Recently, SigLIP (sigmoid loss for language image
pre-training) (Zhai et al. 2023) has been developed as an alternative to CLIP (contrastive
language image pre-training) (Radford et al. 2021). Though it has been used in the context
of language and image, it can be easily applied to both the uni-modal and multi-modal
contrastive setup used in this work. In the following loss function, the softmax-based
contrastive loss is replaced by sigmoid-based loss which processes the pair independently.
The loss is given as per Equation (7.1)
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In Equation (7.1), x; and y; denote embeddings from two distinct modalities. The bi-
nary variable z;; is 1 if indices i and j form a positive pair (matched samples), and —1
otherwise. Further, b and ¢ are learnable parameters. ¢ is called globally free learnable
parameters which is similar to the temperature parameter in contrastive loss. b is a learn-
able bias term used to alleviate the heavy imbalance loss coming from the more negative
examples. In the equation, B represents the batch. The SigLIP loss function is quite
easier to implement than the contrastive loss and also has the ability to process the pairs
independently enabling scaling the batch size to a limit which is much higher compared
to softmax-based contrastive loss. Independent processing also makes it friendlier in the
context of distributed machine learning. While Sigl.IP offers several advantages over
CLIP, the importance of data curation remains critical for large-scale multi-modal pre-
training. A significant advancement in this area is the Joint Example Selection (JEST)
algorithm (Evans et al. 2024), which emphasizes the importance of selecting effective data
batches rather than individual examples. JEST can be seamlessly integrated with both
CLIP and SigLIP algorithms, offering a simple yet powerful approach that not only ac-
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celerates training iterations and reduces computational requirements but also surpasses
the performance of reference models on various downstream tasks. This innovative ap-
proach to data selection has potential applications in remote sensing. By adapting JEST
or similar methodologies, researchers could optimize the selection of crucial samples for
pre-training models using contrastive or sigmoid-based loss functions. This could lead to
more efficient and effective training processes in remote sensing applications, potentially
improving model performance while reducing computational demands.

Masked autoencoders and BERT for remote sensing appliations While our
BERT implementation used sequential spectral time series data, recent developments in
Vision Transformer (ViT) models have led to a surge in the use of masked autoencoders
for self-supervised learning across various domains. This trend has resulted in the success
of BERT-like models applied to image data. (He, X. Chen, et al. 2021) shows masked au-
toencoders are scalable learners. They further showed the generalization ability to several
downstream tasks with similar data types. In their approach, they discard the masked
token rather than replacing it with other values (use position encoding as supervisory in-
formation about the location of patches/tokens) which indeed makes it efficient and fast.
Using this approach, that is by discarding the masked tokens, the proposed BERT can
be made efficient, and further, the proposed BERT can be extended to images by taking
spatial neighborhood information into account.

Crops specific pre-text task The development of effective pretext tasks for self-
supervised learning in crop classification remains a crucial area for advancement in remote
sensing and agricultural monitoring. As the field progresses, we recognize the need for
more generalized and robust pretext tasks that can capture the unique characteristics
of crop data. There is a possibility for two tasks that could be very promising for the
field: field parcel boundary detection, and unsupervised object (crop field) detection.
Field boundary detection involves the unsupervised detection of field boundaries from
satellite imagery. This task is particularly relevant in agricultural remote sensing, as
field boundaries are crucial for subsequent crop classification and monitoring. There
exist supervised learning algorithms for such task (Waldner and Diakogiannis 2019). By
developing unsupervised algorithms that can accurately delineate field parcels without
supervision, a foundation can be created for more sophisticated two-stage methods. These
methods could then employ CNNs or ViTs to analyze both spatial and temporal patterns
within the identified fields. The fully unsupervised object detection pretext task aligns
with trends in the machine learning community, focusing on unsupervised object detection
that incorporates spatial neighborhood information (Ciocarlan et al. 2024). In the context
of crop classification, this could involve identifying distinct crop patches or agricultural
features without labeled data, while considering their spatial relationships and contextual
information. PrithviEO (Szwarcman et al. 2025) is one of the latest model that showcases
the versatility of multi-temporal foundation model.

Alternative network architectures Recent developments in neural network architec-
tures have introduced alternatives to transformer networks, which were originally designed
for discrete sequential data like text. However, many sequential data types, such as spec-
tral signals, are continuous in nature. While transformers are efficient during training,
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they face challenges during inference due to their need to attend to each token and their
lack of hidden states. State Space Models (SSMs) (Gu, Goel, and Ré 2021) represent a
novel architecture that applies concepts from control theory to model dynamic systems
using state variables. These models address the efficiency issues of transformers during
inference, which have a computational complexity of Q(N?). SSMs offer two interchange-
able representational states of a continuous state: a convolution state and a recurrent
state. This dual representation allows for efficient training using the convolution state
and improved inference performance using the recurrent state. However, SSMs initially
faced challenges in differentiating the importance of tokens. A variant, selective SSMs
such as MAMBA (Gu and Dao 2024b), addresses this by allowing the model to focus
on important tokens and disregard less significant ones. MAMBA incorporates multiple
stacked blocks and employs various algorithms, better initialization to enhance long-range
dependency capture, information compression for token selection, and hardware aware al-
gorithms for computational efficiency. These models have shown promising results in
pre-training tasks, outperforming similarly-sized transformer models in language model-
ing. In a parallel development, the xLSTM model (Beck et al. 2024) has been introduced
to address two key challenges: modifying the original LSTM to better capture long-term
dependencies and matching the scaling capability of transformers. xLSTM employs two
distinct blocks, sSLSTM and mLSTM, and replaces the sigmoid activation function for
input and forget gates with an exponential function. To mitigate potential overflow issues
caused by large exponential values, a normalizer state is implemented. While xLSTM
offers advantages such as linear storage complexity, it is still in its early stages and faces
some limitations. These include limited parallelizability due to memory mixing in sSLSTM
and quadratic computational complexity in mLSTM. Despite these challenges, xLSTM
has shown promising results, outperforming both transformers and SSMs in certain test
cases, indicating its potential as a valuable addition to the field of sequential data pro-
cessing.
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Abbreviations

IGBP International Geosphere-Biosphere Program
NASA National Aeronautics and Space Administration
AVHRR Advanced Very High-Resolution Radiomete
MODIS Moderate Resolution Imaging Spectrora- diometer
ESA European Space Agency

SAR synthetic aperture radar

CNN Convolutional neural networks

DBN deep belief network

NLP Natural Language Processing

LLM Large Language Model

BERT Bidirectional Encoder Representations from Transformers
LSTM Long Short-Term Memory

NIR Near infrared

GEE Google Earth Engine

SWIR Shortwave infrared

NDVI Normalized Difference Vegetation Index

API Application programming interface

UTM Universal Transverse Mercator

ML Machine leaning

PDE Partial differential equation

MLP multi-layer perceptron

tanh hyperbolic tangent

ReLU rectified linear unit

MSE mean squared error

FSDP Fully Sharded Data Parallelism

OBIA object-based image analysis

PCA principal component analysis

NYU New York University
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SimCLR Simple framework for contrastive learning of visual representations
MoCo momentum contrast

SeLa self-labelling

SwAV swapped assignment between multiple views
EMA Exponential Moving Average

BYOL Bootstrap your own latent

DiNo Self-distillation with no labels

W-MSE Whitening mean squared error

KL Kullback-Leibler

ReSSL Relational Self-Supervised Learning

ISD Iterative Similarity Distillation

CBOW continuous bag of words

MLM mask language modelling

NSP next sentence prediction

NCE Noise Contrastive Estimation

FIFO First In First Out

LOOC Leave one out contrastive

SeCo Seasonal contrast

GPT Generative pre-trained transformer

TOA Top of Atmosphere

BOA Bottom of Atmosphere

SCL Scene classification

AC Atmospheric correction

AOT Aerosol optical thickness

RINN Recurrent neural network

BPTT Backpropagation Through Time

SCARF Self-Supervised Contrastive Learning using Random Feature Corruption
CLC Corine Land Cover

SigLIP sigmoid loss for language image pre-training
CLIP contrastive language image pre-training
JEST Joint example selection

SSM State Space model
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