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Chapter 1  

Introduction 

1.1 Motivation 

In recent years, the term Big Earth data has emerged in the field of Earth Sciences (Guo 2017, 

Merritt et al. 2018, Sudmanns et al. 2019). Even though there is no community-agreed formal 

definition of the term yet, Big Earth data can be summarised as digital information about Earth, 

including (satellite) observations, imagery, derived higher-level products, forecasts and analyses 

from computer models. Big Earth data is characterised as massive, multi-source, heterogeneous, 

multi-temporal, multi-scalar, highly dimensional, highly complex, non-stationary and 

unstructured. As a a sub-group of the more general term of Big Data, Big Earth data too is 

governed by the five Vs: (i) velocity, (ii) variety, (iii) volume, (iv) value and (v) veracity (Merritt 

et al. 2018). Significant changes in all these five areas in recent years lead to the emergence of 

Big Earth data. 

 

1.1.1 Drivers of Big Earth data 

The volume, velocity and variety of data from Earth-observing satellites and Earth system models 

have increased exponentially for the past ten years. Already in 2011, Overpeck et al. forecasted 

that the climate data worldwide will duplicate every five years and will grow to 350 Petabytes 

(PBs) in 2030 (Overpeck et al. 2011). It seems that the actual development exceeds the predictions 

by Overpeck et al. (2011) by far. The National Aeronautics and Space Administration (NASA) 

alone expects an increase of their data archived in their main data archive EOSDIS from 50 PBs 

in 2021 to 250 PBs in 2025 (National Aeronautics and Space Administration 2020). Also, China 

has continuously increased their satellite fleet since 1988 and currently operates 30 satellites in 

orbit (Huadong 2018). And in Europe, since 2014, six new satellite constellations, called the 

Sentinels, were launched as part of Copernicus, the European Union’s Earth Observation 

programme. From Copernicus alone, it is estimated that currently every day 16 TBs of data are 

produced and disseminated (European Comission 2022). These developments certainly continue, 

as many new programmes and satellite missions are in the pipeline. The second phase of 

Copernicus foresees the launch of six high-priority candidate missions till 2027 (Hebden 2020). 

The European Organisation for the Exploitation of Meteorological Satellites (EUMETSAT) 

prepares the launch of the generation of its geostationary (Meteosat Third Generation (MTG)) 

and polar-orbiting (Metop-Second Generation (SG)) satellites (European Organisation for the 

Exploitation of Meteorological Satellites 2022). NASA ensures the continuation of the Landsat 

programme with the launch of Landsat-9 in September 2021 and Landsat-NeXt in 2029 (Masek 

et al. 2020, National Aeronautics and Space Administration 2022) and in 2020, the European 

Commission (EC) has initiated Destination Earth, which aims to build a digital twin of planet 

Earth to provide forecasts of extreme weather and climate at a 1 km spatial resolution, a scale 

many times finer than the resolution of current models (European Commission 2020a). 

Besides technological advances, an important driver for this exponential growth and a substantial 

increase in the use of Earth data is the adoption of an open data policy for Earth Observation (EO) 
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data. The United States Geological Survey (USGS) can certainly be attributed as pioneer in this 

aspect. In 2008, they adopted a free and open data policy for their Landsat archive, which lead to 

an exponential increase in data requests. Between 2009 and 2017, the annual amount of data 

downloaded increased by a factor of 20, to 20 million data orders (Zhu et al. 2019). The example 

from USGS was followed by Europe, which adopted a free and open data policy for the 

Copernicus programme (European Comission 2022) and China, which promotes open data 

sharing through the Digital Belt and Road program since 2016 (Huadong 2018). Today, the 

adoption of an open data policy has become the standard in the field of Big Earth data, especially 

for data produced and disseminated by public organisations.  

 

1.1.2 Trends in the Big Earth data domain 

Two fundamental implications that result from the adoption of an open data policy and growing 

data volumes are: (i) a diversification of users and (ii) the emergence of cloud-based services. A 

‘diversification of users’ has been identified as the number one trend in the field of Earth 

Observations by the Copernicus Market Report 2019 (European Commission. Directorate 

General for Internal Market, Industry, Entrepreneurship and SMEs. and PwC. 2019). Formerly, 

EO data was primarily used for research by ‘expert’ users, while now, EO data is of interest for 

non EO experts alike, coming from varied application domains, e.g. energy, conservation, 

environmental monitoring or emergency preparedness, and work sectors, including commercial 

companies or non-profit organisations (Matevosyan et al. 2017, Sudmanns et al. 2019). As a 

result, the characterisation of Big Earth data users is not straight-forward anymore, as users have 

different thematic, data and technical expertise. Also, the term ‘user’ seems to be not well defined, 

despite being central in many discussions about the development of new data services and 

platforms. The Committee on Earth Observation Satellites (CEOS), for example, distinguishes 

between three stakeholder groups of the ‘analysis-ready data’ value chain: (i) EO data providers, 

(ii) Big Data hosts and aggregators and (iii) data users. Copernicus differentiates between 

intermediate and end users and Ramachandran et al. (2018) consider cloud providers as a separate 

user group with distinguished requirements (Ramachandran et al. 2018, Committee on Earth 

Observation Satellites 2019, European Commission. Directorate General for Internal Market, 

Industry, Entrepreneurship and SMEs. and PwC. 2019). 

Another trend in the Big Earth data field is the emergence of cloud-based services and 

platforms (European Commission. Directorate General for Internal Market, Industry, 

Entrepreneurship and SMEs. and PwC. 2019, Yang et al. 2019, National Aeronautics and Space 

Administration 2020). This trend is a logical implication of the growing data volumes. The 

traditional data-centric approach is grounded in moving data from data providers to local 

machines of users and the processing and data analysis takes place locally. However, with 

growing data volumes, the data sizes exceed the capacity of being stored and processed locally. 

For this reason, the ‘moving code’ paradigm introduces a paradigm change in the way how Big 

Earth data is accessed and where it is processed. Instead of downloading data and processing it 

locally, users and executable code are moved, and data is accessed, processed and analysed on 

(cloud-based) platforms (Sudmanns et al. 2019, Gomes et al. 2020, Gentemann et al. 2021). The 

current landscape of data access systems is highly diverse. There are commercial, general purpose 

cloud solutions primarily from big technology companies, such as Amazon Web Services (AWS), 

Google Cloud Platform (GCP) or Microsoft Azure. Publicly funded, more specialised cloud 

services evolve currently in Europe. The EC considers cloud services as a fundamental part of the 

European data economy (European Commission 2020b) and initiated several cloud initiatives, 

e.g. the European Open Science Cloud (Bodlos et al. 2020), the Copernicus Data and Information 
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Access Services (DIAS) or the European Weather Cloud (Pappenberger and Palkovic 2020), a 

community cloud for the meteorological and climate community. All these cloud solutions differ 

in their level of functionality, specialisation, and data offerings. These systems allow scalable 

processing of large volumes of Earth data and offer a high degree of flexibility, but they also 

require advanced technical knowledge from users (Gomes et al. 2020). For this reason, platforms 

for Earth data management and analysis have evolved and been promoted in recent years. Popular 

examples are e.g. the Google Earth Engine (Gorelick et al. 2017), the Open Data Cube (Killough 

2018) or the openEO platform (European Space Agency 2022). These platforms claim to be ‘user-

centric’ by offering advanced access to ‘analysis-ready data’, while abstracting technical 

complexities of cloud-based systems (Gomes et al. 2020). The abstraction of technical details 

comes at the cost of flexibility, as users are restricted to the functionalities and data that is offered 

by the platform. This highly diverse and constantly evolving landscape of Earth data access and 

processing systems constitutes a challenge for users. Petabytes of Earth data are stored away in 

data silos and much of the data remains unused due to challenges in finding, accessing and 

interoperating data. For this reason, Wilkinson et al. (2016) defined the FAIR principles: 

Findability, Accessibility, Interoperability and Reusability. These principles are four key 

characteristics data providers should thrive for when implementing large data holdings 

(Wilkinson et al. 2016). 

 

1.1.3 Growing demand for training and capacity-building 

The use of cloud-based systems, especially in Europe, is still low (European Commission 2020b), 

which indicates that working with emerging technologies constitutes a challenge and that users 

might need support with the migration process. Hence, there is a growing demand in building up 

necessary skills to discover, access, process and analyse Big Earth data with cloud-based services. 

A promising tool for data-intensive training and hence, as well for Big Earth data education, are 

computational notebooks, which are interactive web- or browser-based applications that combine 

code, computational output, explanatory text and multimedia resources in one single document 

(Perkel 2018, 2021, Rule et al. 2018). Despite the existence of many notebook systems (Lau et 

al. 2020), the use of notebooks from Project Jupyter certainly excels across many disciplines, 

including bio- and health-informatics (Davies et al. 2020, Clarke et al. 2021, Engelberger et al. 

2021), general data science (Boscoe et al. 2018, Kim and Henke 2021, Lasser et al. 2021) and 

more recently, EO research (Camara et al. 2021, Committee on Earth Observation Satellites 

2021). Another advantage of Project Jupyter is the wider ecosystem of tools, which not only 

supports Big Earth data users in their current needs, but also help familiarize them with future 

data processing interfaces. The web-based development environment JupyterLab, in particular, is 

often seen as the ‘next-generation’ user interface for conducting data science (Perkel 2018, 2021) 

and this trend holds true as well for the field of Big Earth data. Jupyter notebooks facilitate 

collaboration, interactive development, and reproducibility and are mainly used for research 

experimentation, development of machine-learning workflows and education (Rule et al. 2018, 

Granger and Perez 2021). Even though Jupyter notebooks are a popular tool for training and 

teaching data-intensive science, empirical research among data scientists and quantitative 

analyses of notebooks hosted on the code sharing platform Github revealed that notebooks hardly 

follow best practices for scientific computing  and reproducibility and often lack overall quality 

(Rule et al. 2018, Chattopadhyay et al. 2020, Pimentel et al. 2021, Quaranta et al. 2022). These 

findings were the motivation to define best practices for writing and sharing Jupyter notebooks 

(Rule et al. 2019), for making them reproducible (Pimentel et al. 2021), for fostering collaboration 

with Jupyter notebooks (Quaranta et al. 2022) and for using them in academic classrooms 
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(Johnson 2020). Most of these best practices focus on using Jupyter notebooks in a general (data) 

science context, but not all are necessarily applicable to an educational context. 

 

1.2 Aims and Hypotheses 

In summary, from the previous section, the following research deficits can be deviated: 

 

• The introduction of open data policies in the Big Earth data domain led to a 

diversification of users. As a result, current modalities of how users handle Big Earth 

data and the challenges they face are not well understood. 

 

• The advent of new data access and processing services, such as cloud-based services, 

is a paradigm-change for users of Big Earth data. However, preferences of how users 

wish to work with emerging data services in the future are often only assumed. 

 

• There is a growing demand for training in how to access and use existing and 

upcoming data and products. Computational notebooks are a promising tool for Big 

Earth data education but rarely follow best practices for scientific computing, 

reproducibility, and general use of notebooks. 

 

In accordance with the identified research deficits, the aims of this thesis were formulated as 

follows: 

 

• Assessment of how users of Big Earth data currently access, manage and process 

large volumes of data and the challenges they face in order to evaluate whether Big 

Earth data are findable, accessible and interoperable.  

 

• Definition of future user requirements for cloud-based services and evaluating 

whether there are significant differences between geographical regions or work 

sectors. 

 

• Based on general best practices from fields of scientific computing and computational 

notebook research, elaborate and implement guiding principles to make 

computational notebooks more educational and reusable and to increase the overall 

quality. 

 

The following three hypotheses were developed based on the research deficits and aims listed 

above:  

 

H1  Major trends in the Big Earth data domain translate into major challenges for users to 

find, access, interoperate and reuse Big Earth data, which in turn leads to an unfulfilled 

potential of Big Earth data uptake. 

 

H2  Users are motivated to migrate to cloud-based services in the future, but regional and 

sectoral differences as well as a gap between users’ current skills and skills required to 

use cloud-based services are expected. 
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H3  Computational notebooks are a promising tool to support users in finding, accessing, and 

processing Big Earth data, but guiding principles are required to make them educational 

and reusable. 

 

1.3 Thesis Structure 

To test the hypotheses, the following work packages were developed. Figure 1 provides an 

overview of the overall thesis structure. 

 

WP1  Design, implementation, and analysis of a web-based survey on current and future user 

requirements for Big Earth data 

 

WP2  Based on best practices from fields of scientific computing and computational notebook 

research, identification and implementation of guiding principles for making 

computational notebooks fit for Big Earth data education 

 

WP1 was conceptualized to answer hypotheses H1 and H2. A web-based user survey was 

designed with the online survey tool EUSurvey offered by the European Commission (European 

Commission 2021). The questionnaire had a total of 32 questions structured in seven main 

categories: (i) personal information, (ii) information about work, (iii) data use, (iv) data handling, 

(v) data challenges, (vi) future data services and (vii) final comment. The questionnaire and an 

anonymised version of the responses are available on Zenodo (Wagemann et al. 2020). 

Additionally, the questionnaire can be found in Appendix A.1 of this dissertation. The survey was 

open for responses during two periods: (i) between 12 November 2018 and 30 January 2019 and 

(ii) between 11 April and 31 May 2019. Dissemination channels for invitations to complete the 

web-based survey included social media, primarily Twitter and LinkedIn, professional mailing 

lists as well as individual experts of stakeholder organisations within the geospatial field. The 

dissemination channels were chosen with the aim to get the perspectives from different 

communities and practitioners within the geospatial field, including data users of Earth 

Observation, meteorological and climate data. 

A total of 231 responses from 37 different countries were collected, with most 

respondents coming from central Europe and the USA & Canada. The quantitative analysis of the 

survey was conducted with the statistical package R (R Foundation for Statistical Computing 

2019) and for visualizations the R package ‘ggplot’ (Wickham 2016) was used. 

A first analysis round aimed at answering H1 (Chapter 2). A particular focus was put on analysing 

survey questions related to current and future use of open Big Earth data (Section 2.3.1), data 

formats (Section 2.3.2), data handling modality (Section 2.3.3), geospatial toolset (Section 2.3.4), 

data access systems and rate of satisfaction (Section 2.3.5), application areas of Big Earth data 

(Section 2.3.6) as well as data challenges (Section 2.3.7). The results were then mapped against 

the FAIR principles by Wilkinson et al. (2016) in order to evaluate, from a user’s perspective, 

whether Big Earth data are findable, accessible and interoperable (Section 2.4). 

A second analysis round aimed at answering H2 (Chapter 3). Here, a focus was set on 

analysing survey questions on (i) current and future use of data systems (Section 3.3.1), (ii) 

motivation to migrate to cloud services (Section 3.3.2), (iii) preference of legal policy of cloud 

services (Section 3.3.3), (iv) use of cloud services (Section 3.3.4), (v) statement to cloud-based 

services (Section 3.3.5), (vi) security aspects of cloud services (Section 3.3.6), (vii) examples of 

data workflows to be executed in the cloud (Section 3.3.7), (viii) user’s perspective on an 
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estimation of technical cloud requirements (Section 3.3.8) and (ix) willingness to pay for cloud 

services (Section 3.3.9). To identify potential differences and preferences of cloud service use 

regionally (between Europe and the USA & Canada) and between different work sectors, 

statistical significance tests were applied. A chi-square test and an analysis of the residuals were 

used to: (i) compare the use patterns of cloud services between Europe and the USA & Canada, 

(ii) compare the current use of data access systems among work sectors and (iii) compare the legal 

preference of cloud services between Europe and the USA & Canada and different work sectors.  

The evaluation of the first analysis round revealed that users of Big Earth data face 

obstacles to find, access and properly handle Big Earth data. The second analysis round aired 

additionally an insufficient literacy in cloud-based services and a lack of trust in terms of security 

and emerging costs. Hence, one central recommendation that was drawn from the web-based 

survey is to invest in capacity-building, with a focus on building up technical capacities to handle 

Big Earth data and to increase overall trust in using cloud-based services. One promising tool for 

data exploration, analysis and data-related training is computational notebooks, which are 

interactive web applications that combine explanatory text, code and computational output 

(Perkel 2018, Rule et al. 2018). For this reason, WP2 was conceptualized with the aim to answer 

H3 (Chapter 4). For this, a training course with the title ‘Learning Tool for Python (LTPy)’ on 

atmospheric composition was developed (Section 4.2). LTPy is based on Jupyter notebooks and 

consists of more than 70 notebooks. The Jupyter notebooks follow five guiding principles to make 

notebooks more educational and reusable (Section 4.3). These guiding principles are based on 

best practices from different fields, such as scientific computing, general Jupyter notebook 

research and reproducibility, and have been selected based on their applicability for training and 

capacity-building. Each principle is introduced with a practical implementation example. At the 

end, the five guiding principles are evaluated against results from Jupyter notebook research, and 

a reasoning is provided, why the five guiding principles are fundamental for Big Earth data 

education (Section 4.4). 

 

In the following chapter, outcomes of the first analysis round of the web-based survey (WP1) 

will be presented. Chapter 3 presents the results of the second analysis round of the web-based 

survey (WP1) and in Chapter 4, five guiding principles to make Jupyter notebooks fit for Big 

Earth data education are presented and evaluated (WP2). 
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Figure 1. Thesis structure: overview of principle work packages 
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Abstract 

The broad dissemination of open data policies for Big Earth data leads to a diversification of 

users. The literacy in data and data handling differs for each user group, resulting in different 

needs and requirements. In addition, the development of cloud-based data systems challenges 

traditional workflows of all users. In order to tailor new cloud-based data systems for Earth data 

users, it is of utmost importance to obtain a better understanding of users in terms of the type of 

data they explore, the applications they need the data for, the way they access and process data, 

and the challenges they face. This is an indispensable prerequisite to ensure an increased uptake 

of Big Earth data in the future. In order to get a better insight in the requirements and challenges 

of users coping with Big Earth data, we run a comprehensive web-based user survey. Our results, 

inclined to users of Big Earth data in Europe and the North American continent, reveal that a 

majority of survey respondents still download copies of data onto their local machine and handle 

and process data locally with a combination of programming and desktop-based software. 

However, survey respondents are facing severe problems related to the growing data volumes, 

the data heterogeneity and the limited processing capacities for their demanding applications. 

Thus, they show a specific interest in using cloud-based data services in the near future but express 

the need for an easier data discovery and the interoperability of data systems. Based on the survey 

findings, we draw a set of recommendations to make Big Earth data more FAIR (findable, 

accessible, interoperable and re-usable). 

 

2.1 Introduction 

The adoption of open data policies for Earth Observation (EO) data has triggered a disruptive 

change in the field of Big Earth data. The example of opening the Landsat archive in 2008 shows 

that open data access leads to an exponential increase in data requests. Between 2009, which is 

the first year of open data access, and 2017, the annual data downloads increased by a factor of 

20 to 20 Million data orders (Zhu et al. 2019). Another driver for open data is Copernicus, the 
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European Union’s Earth Observation programme. In 2019, Copernicus published over 18 

Terabytes (TBs) of EO data per day under a full, free and open license (European Space Agency, 

2020). The National Aeronautics and Space Administration (NASA) expects an increase of data 

archived in their main data archive, the Earth Observing System Data and Information System 

(EOSDIS), from around 50 Petabytes (PBs) in 2021 to nearly 250 PBs in 2025 (National 

Aeronautics and Space Administration 2020). Since 1988, China has continuously increased its 

satellite fleet and has currently about 30 satellites as part of eight satellite series in orbit. In 2016, 

China introduced the Digital Belt and Road Program (DBAR), which puts as well a strong effort 

in promoting open data sharing and making Chinese EO data available to others (Huadong 2018). 

The meteorological satellite fleet Fengyun (FY) are being made available under an open data 

policy and by today, more than 12 PB of archived data are free to download (Xian et al. 2021). 

An open data policy not only leads to an increase of the quantitative number of users, but 

also to a diversification of application areas as well as data users and their demands. Overpeck et 

al. (2011) forecasted already in 2011 that with a growing volume of data a much larger community 

of diverse users are interested in accessing, understanding and using climate data (Overpeck et 

al. 2011). Eight years later, the Copernicus Market Report 2019 identifies ‘diversification of users 

and their demands’ as number one trend in EO for the coming years (European Commission. 

Directorate General for Internal Market, Industry, Entrepreneurship and SMEs. and PwC. 2019). 

In the past, EO data have primarily been used for research, whereas now EO data is of increased 

interest for non EO experts alike, coming from varied application domains such as conservation, 

ecology, biodiversity, energy, human health, agriculture, water management or disaster 

monitoring (Matevosyan et al. 2017, Sudmanns et al. 2019). With the shift from ‘expert’ users to 

multi-disciplined non-expert users, the term ‘data user’ becomes less well defined. CEOS 

identifies three key stakeholders in the ‘analysis-ready’ data value chain, (i) EO data providers, 

(ii) Big Data hosts and aggregators and (iii) data users, whereas the European Commission 

classifies Copernicus data users in two broad user groups, intermediate and end users (Committee 

on Earth Observation Satellites 2019, European Commission. Directorate General for Internal 

Market, Industry, Entrepreneurship and SMEs. and PwC. 2019). Ramachandran et al. (2018) 

consider the group of ‘cloud vendors’ as an additional user group with distinct requirements. The 

characterisation of Big Earth data users is challenging as they differ in their scientific, data and 

technical literacy and yet, a better understanding helps to better tailor emerging data services to 

user needs. 

Another trend in the field of Big Earth data is cloud computing. Given the growing 

amount of data volumes, cloud-based services seem the only realistic way forward for data 

providers and users (Yang et al. 2019). Cloud computing is an essential requirement for the 

prevailing concept of ‘bringing functions to the data’. Instead of downloading and processing 

large volumes of data on local machines, users transfer functions to the data offered by the data 

provider and process them on a centralised cloud server (Ramachandran et al. 2018, Sudmanns 

et al. 2019, Gomes et al. 2020) or on de-centralized fog nodes (Barik et al. 2019, Kaur and Sood 

2020). 

A variety of different cloud-based systems have been developed recently (Gomes et al. 

2020). Google Earth Engine is a popular example of a cloud-based platform that provides access 

to high-performance computing resources to process large volumes of geospatial data (Gorelick 

et al. 2017). The European Commission considers cloud technology as the way forward to 

effectively access, manage and process large volumes of open data (European Commission 2020). 

Recent developments in Europe are e.g. WEkEO, which is one the Copernicus Data and 

Information Access Services (DIAS) of the European Commission (ECMWF 2018) or the 

European Weather Cloud, a community cloud for the meteorological and climate community 
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implemented by the European Centre for Medium-Range Weather Forecasts (ECMWF) 

(Pappenberger and Palkovic 2020). The Chinese Academy of Science has launched its Big Earth 

data Science Engineering program (CASEarth) in 2018. CASEarth aims to develop a big data and 

cloud service platform, which integrate model and satellite data and fosters multidisciplinary data 

analysis (Guo et al. 2020). The National Aeronautical and Space Administration’s (NASA) 

response to the expected increase of its EOSDIS archive size is ‘Earthdata Cloud’, a strategic 

vision to operate multiple components of EOSDIS in a commercial cloud environment (National 

Aeronautics and Space Administration 2020). Similar to the classification of diverse user 

communities, cloud-based systems differ from each other in regards of the level of specialisation, 

degree of interactivity, and required skills needed to use the system (Sudmanns et al. 2019, Gomes 

et al. 2020).  

The adoption of open data policies, growing data volumes and the resulting emerging 

(cloud-based) technologies are disruptive changes that considerably impact the way how users 

access, process and manage Big Earth data in the future (Giuliani et al. 2017, Guo et al. 2017, 

Lewis et al. 2017, Sudmanns et al. 2019). The question whether data is accessible (for users) does 

and will play a significant role in the successful extraction of information from these growing 

volumes of open Big Earth data. 

With the current study, we would like to start a discussion on the need for a better 

understanding of ‘users’ of Big Earth data. Due to the shift from expert users to multi-disciplinary 

non-expert users as well as the advent of cloud-based technologies, user needs of Big Earth data 

are not well understood anymore. At the same time though, a better understanding of user needs 

is pivotal to better tailor emerging services in the era of Big Data or digital libraries (Li et al. 

2019). We run a web-based survey among users of Big Earth data in order to analyse two 

perspectives: (i) the current state of how users access and process data and what type of data and 

applications they are interested in, and (ii) the user’s perspective on future cloud-based data 

systems to better understand whether users are motivated to migrate and if so, how they would 

like to use those systems. This paper puts a focus on the first part of the survey and analyses the 

current state of Big Earth data users. For the conducted survey, the term Big Earth data refers to 

digital information about Earth, including observations, imagery, derived higher-level products, 

forecasts and analyses produced by computer models. 

This paper has the following structure: Section 2.2 describes the methodological approach 

of the survey. Section 2.3 presents the results of the user survey. Section 2.4 discusses the survey 

findings based on the questions whether the current status fulfils the FAIR data principles 

introduced by Wilkinson et al. (2016). The paper finishes with a conclusion that offers a set of 

recommendations how to make Big Earth data better findable, accessible, interoperable and 

reusable in the future. 

 

2.2 Approach 

We run a web-based survey with a total of 231 responses during two time periods: the first survey 

period was between 12 November 2018 and 30 January 2019 and 213 responses were collected 

and the second period was between 11 April and 31 May 2019, during which another 18 responses 

were collected. The survey was implemented with EUSurvey, a tool offered by the European 

Commission to create online surveys and forms (European Commission 2021). The questionnaire 

consisted of a total of 32 questions structured in seven main categories: (i) personal information, 

(ii) information about your work, (iii) data usage, (iv) data handling, (v) data challenges, (vi) 
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future data services and (vii) final comment (Wagemann et al. 2020). See Appendix A.2 for the 

survey’s ethics statement. 

Dissemination channels for invitations to complete the web-based survey included social media 

channels, primarily Twitter and LinkedIn, professional mailing lists as well as individual experts 

of stakeholder organisations within the geospatial field. Main hashtags used for social media posts 

were #earthobservation #geospatial #meteorological #climate #BigData #copernicus and 

#CloudComputing. The professional mailing lists included mailing lists run by the Google 

EarthEngine Developers Community, Open Geospatial Consortium (OGC), Division on Earth 

and Space Science Informatics of the European Geosciences Union, (ESSI EGU), Copernicus and 

ECMWF. Additionally, individual experts from ESA, OGC, the Group on Earth Observations 

(OGC), organisations of the United Nations working with geospatial data, e.g. the World Food 

Programme (WFP) and the Food and Agricultural Organisation (FAO), were contacted and asked 

to distribute the survey within their professional network. The dissemination channels were 

chosen with the aim to get the perspectives from different communities and practitioners within 

the geospatial field, including data users of Earth Observation, meteorological and climate data. 

All of the 32 questions were non-mandatory and could be skipped. However, a significant high 

percentage (99%) of the survey respondents started and finished the survey. Only two responses 

were filtered out due to a non-satisfactory completion rate. For the analysis the statistical package 

R (R Foundation for Statistical Computing 2019) and for visualizations the R package ‘ggplot’ 

(Wickham 2016) was used. 

 

2.3 Results 

A total of 231 responses were collected from 37 countries. The majority of the responses came 

from central Europe and the North American continent. Seven countries had more than ten 

responses (see Table 1 in Appendix B). Only one respondent did not provide country of residence 

information. 228 respondents provided information about age. The two age groups with the most 

responses were 30-40 years and 40-50 years. Thus, almost 70% of the respondents were between 

30 and 50 years old (see Table 2 in Appendix B). All respondents provided information about 

their work sector. Almost half of the respondents indicated to work at university, followed by 

20% who indicated to work in Government and 17.7% who indicated to work in an established 

company (see Figure 2.1). When asked who they most identify with, data provider or data user, 

four out of five considered themselves as data users and one out of five as data providers. Almost 

half of the data user group and a third of the data provider group identified themselves as 

researcher (see Figure 1 in Appendix B).  

 

 

Figure 2.1. Distribution of work sectors. Bars represent the absolute numbers (n). Labels on top 

represent relative frequencies (n=231). 
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2.3.1 Current and future use of open Big Earth data 

We asked the respondents what type of data they currently use and what type of data they would 

like to use in the future. Among the seven data types provided (see Fig. 2.2), three out of four 

currently use Earth Observation data and every second user uses climate reanalysis data. The three 

forecast data types (seasonal, environmental, and meteorological) are currently the least used. 

Absolute numbers indicate a stronger interest in a future use of forecast data (see Figure 2.2 bars 

on top). We expect that users who indicate to use a specific data type will continue to do so in the 

future. For this reason, the relative frequencies indicated as labels on the top of Figure 2.2 are 

based on the number of users who not yet use this specific data type. These relative frequencies 

reveal, besides an interest for forecast data, a continued interest in Earth Observation (66.7%) and 

climate reanalysis data (52.1%) in the future. 

 

Figure 2.2. Current (bottom) and future (top) use of Big Earth data. Seven data types are provided 

on the horizontal axis. The vertical axis is linked with the bars and shows the absolute number of 

users currently using the respective data type. The labels on the bottom and top of each graph 

indicate the relative frequencies. On the bottom, the relative frequencies use the total number of 

survey respondents (n=231) as basis. On the top, the relative frequencies indicate the relative 

frequency of those users who not yet use the respective data type (n = total number of respondents 

– number of respondents who use this data type already). This basis was used as we expect that 

users who currently use a specific data type will continue to do so in the future.  

 

We were further interested in the reasons why certain data types have not been used so far. Among 

a list of seven provided reasons (see Table 2.1), ‘time constraints (of a data user)’ is the reason 

mentioned most, followed by ‘data quantity and volume are too large’ and ‘tools for analysis / 

processing of data are lacking or too complex’. One out of four respondents see data discovery 

and data formats as obstacles that prevent them from using unfamiliar data types. Other reasons 

provided by 24 respondents include non-open data, missing or bad data documentation, and lack 
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of knowledge whether the data provides for what is needed. 12 respondents (5%) did not provide 

any reason. 

 

Table 2.1. Reasons for not using a data type a user would like to use in the future. The 

questionnaire provided seven options. 

Constraint n rel. Frequency (n=231) 

Time constraints (of data user) 99 42.9 

Data quantity and volume are too large 93 40.3 

Tools for analysis / processing of data are lacking or 

too complex 

80 34.6 

Downloading data is uncomfortable* 78 33.8 

I don’t know where to find the data 57 24.7 

Data formats are too ‘cumbersome’ (difficult / 

complex) to use 

56 24.2 

Other 24 10.4 

*Note: With ‘downloading data is uncomfortable’, the authors mean any aspect related to using 

a download-based data system (via a web interface or an API), including download time or 

limited number of requests per user. 

 

2.3.2 Data formats 

GeoTIFF, NetCDF and CSV are the data formats more than 60% of the respondents commonly 

use (see Figure 2 in Appendix B). Other data formats, such as GRIB, JPEG/PNG, ASCII Grid or 

Sentinel-SAFE are used by less than 30% of the respondents. These results reflect the general 

supply and demand. GeoTiff and NetCDF have become the de-facto standard for many datasets 

in the Big Earth data space. Newer data formats, such as Sentinel-SAFE, are offered less, and 

thus less users are currently using it. Other data formats mentioned were HDF5, Shapefiles, 

LAZ/LAS, cloud-optimised GeoTIFFs or hgt. 

We asked the respondents about their motivation to invest time and resources learning how 

to handle a non-familiar data format for data they are very interested in using (see Table 3 in 

Appendix B). Two-third would invest time and resources learning complex or non-familiar data 

formats. One out of five makes it dependent on some conditions. Conditions might include time 

availability, whether a documentation and good use cases are available, how future-proof the data 

format is, whether it provides benefits in terms of data access, storage and transfer, the level of 

complexity, and the number of datasets disseminated in the respective data format. 5% would not 

invest time and resources and only 3.5% stated that they tried to use unfamiliar data formats but 

gave up using them. 

 

2.3.3 Data handling modality 

We were interested in how users handle large volumes of data and what software tools and 

programming languages they use for their processing tasks. Among the four options provided (see 

Figure 2.3), code-based processing routines on a local machine is the most common way, as more 

than 86% of the respondents (199 respondents) either always or sometimes process data in this 

way. More than 70% indicate further to use always or sometimes a locally installed geospatial 

software, such as QGIS or ArcGIS. Processing data, either with the help of a code editor in the 

cloud or accessing a cloud service with the help of code-based processing routines, are the two 

modalities which so far have never been used by almost half of the respondents (Figure 2.3). 
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Other ways to process and analyse data were mentioned, including high-performance platforms, 

code-based processing routines on a server hosted by an organisation, Jupyter notebooks running 

on compute clusters or private cloud servers. 

 

Figure 2.3. Modality of handling and processing large volumes of data. Horizontal axis shows 

the relative frequency (%). Vertical axis provides the four options respondents could choose from. 

 

2.3.4 Geospatial toolset 

A high percentage (96%) of survey respondents uses one or more programming languages to 

handle Big Earth data. Only 4% indicated to not use any programming language. The top three 

programming languages used for data processing are Python, R and Javascript (see Figure 2.4). 

Additionally, one out of three (35.1%) indicated to use the geospatial library ‘GDAL’ to handle 

and process Big Earth data. Other tools mentioned by survey respondents are the scripting 

language Matlab, the programming language IDL or the toolkit CDO.  

 

 

Figure 2.4. Use of programming languages. Bars reflect the absolute numbers (n) whereas the 

labels on top reflect the relative frequencies (%). 

 

We compared the use of the two most used programming languages, Python and R, among four 

sub-groups based on the data type survey respondents currently use (see Table 2.2). If we build 

the ratio between Python and R per sub-group, meteorological and climate data users prefer 

Python twice as much compared to R. The difference of Python vs. R is less pronounced for other 

subgroups, where Python is used only 1.6 times more often than R (Table 2.2). 
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However, three out of four use a combination of two or more programming languages and one 

out of three is likely to use both, Python and R. 

 

Table 2.2. Use of the programming languages Python and R for four sub-groups of users of 

different data types: (i) Meteorological and climate data, (ii) Earth Observation data, (iii) Other 

Geospatial data and (iv) Value-added products. 

Subgroup: data type users n  - Python n - R Ratio (Use of Python 

vs. use of R) 

Meteorological and climate data (n=164) 135 66 2.05 

Earth observation data (n=171) 130 78 1.67 

Other Geospatial data (n=157) 124 75 1.65 

Value-added products (n=121) 96 59 1.63 

All respondents 178 102 1.75 

 

Almost two-third of the respondents indicate further to use desktop-based software for their data 

processing tasks. A preference for open-source is reflected, as almost 70% out of those who use 

desktop-based software chose QGIS, followed by ArcGIS and Excel. Other desktop-based 

software mentioned by 35 respondents include ERDAS Imaging, Orfeo Toolbox, eCognition, 

SNAP, Sen2Agri or enMap Box. 

A similar pattern is reflected when the use of desktop-based software is analysed among 

different work sectors. QGIS is the most popular desktop-based software for each work sector. 

The open-source preference (QGIS) tends to have a geographical focus in Europe, whereas the 

use of commercial software (ArcGIS) is stronger in the US and Canada (see Figure 2.5). 65 

respondents based in Europe indicate to use desktop-based software. Out of these, over 80% use 

QGIS followed by 45% using ArcGIS. In contrast, 70% out of the 30 respondents from the US 

and Canada, who indicate to use desktop-based software, use ArcGIS followed by 50% who use 

QGIS. Three out of four of those using desktop-based software use two or more types of desktop-

based software. 

 

Figure 2.5. Use of desktop-based software for total n (dark red) and for sub-groups: respondents 

who use desktop-based software from (i) Europe (grey) and (ii) the United States of America & 

Canada (yellow). n for sub-groups: total -  142 (61% of total n=231), Europe – 65, United States 

of America & Canada – 30. 
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2.3.5 Data access systems and rate of satisfaction 

We asked the respondents how they currently access (and manage) large volumes of Big Earth 

data and provided seven options to choose from. The data access systems provided can be grouped 

in five categories: (i) ‘traditional’ download service, (ii) standardised on-demand data access 

systems, (iii) data access and management through spatial / array databases, (iv) ‘user-centric’ 

platforms and (v) cloud-based services (see Figure 2.6 and Table 2.3 for a definition of the 

provided options). The data access systems currently used most are download services followed 

by cloud-computing infrastructures and OGC web services, e.g. WMS / WCS. Virtual research 

infrastructures, which are data and analysis platforms tailored to the needs of a specific user 

community, e.g. the Thematic Exploitation Platforms (TEPs) developed by the European Space 

Agency (Esch et al. 2018), are used least often. Data cube technologies, spatial / array databases 

and cloud computing infrastructures are the top three data systems respondents indicate an interest 

to use in the future (Figure 2.7 - top). 

 

Table 2.3. Categories, definition, and examples of data access systems provided in the web-based 

user survey 

Category Description Data access system type  

(i) ‘Traditional’  

download service 

Data access in the traditional way, 

where users download large volumes 

of Big Earth data to their local 

machines. Processing takes place 

locally. 

• Download service 

(ii) Standardised ‘on-

demand’ data access  

systems 

Data access systems that allow users 

based on a ‘standardised’ protocol to 

tailor their data request to the data they 

need and depending on the protocol 

may access data ‘on-demand’ without 

the need to download the data. 

Processing can already take place on a 

remote server or locally. 

• OGC web services 

(e.g. Web Mapping 

Service (WMS), 

Web Coverage 

Service (WCS)) 

• OpenDAP / 

Custom API 

(iii) Access and  

management via 

spatial / array 

databases 

Data is managed and accessed via 

spatial or array databases. Processing 

may take place inside the database 

and/or locally. 

• Spatial / Array 

databases 

(iv) ‘user-centric’  

platforms 

Data access and processing takes place 

on a platform that is tailored to the 

needs of a specific community, e.g. 

data cubes are tailored to specific 

regions (Giuliani et al. 2017), whereas 

virtual research infrastructures focus 

on a specific scientific sub community, 

e.g. a platform for urban applications 

(Esch et al. 2018). 

• Data cube 

technology 

• Virtual Research 

infrastructure 

(v) cloud-based  

services 

Data is accessed and processed via a 

cloud-based service. 

• Cloud-based 

service 
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Figure 2.6. Graphical representation of the five data access system categories 

 

For each data access system option, respondents had the option to choose “I am not interested in 

this kind of service”. The “No interest” option is inversely correlated (Correlation coefficient of 

-0.91 and p-value of 0.004439) with the data access systems currently used. This means that the 

data access systems that are currently used least (virtual research infrastructure) are also the data 

access systems with the highest number of respondents indicating ‘no interest’ in the service. 

However, if we consider the ratio of respondents interested in a future use of a data system versus 

the respondents showing no interest at all, download services and cloud-computing infrastructures 

are the only two systems with a ratio larger than one. Download services have a ratio of 2.5 and 

cloud-computing infrastructures even a ratio of 4.2. This means that four times more respondents 

are interested in a potential future use of a cloud-computing infrastructure than a comparable 

small number of respondents without interest.  

 

Figure 2.7. Data access systems – Bottom: currently used. Top: interest to use in the future (left) 

vs. no interest at all (right). Bars indicate absolute number of respondents (n) and belong to the 

left axis. Coloured labels on the bottom of the top graph indicate the ratio between future use and 

no interest. The labels on top of the top graph and on the bottom of the bottom graph show relative 

frequencies in %. 
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The ratio also puts the interest of future use of data cube technologies and spatial / array 

databases in perspective. Even though those two technologies rank second and third in the number 

of respondents interested in them in the future, a ratio of less than 1 shows that more respondents 

have no interest at all in these systems. Other mentions are the big data processing environment 

Pangeo (https://pangeo.io/) or the communication interface openEO API (Schramm et al. 2021), 

who build on top of cloud or server backends and access data from those systems. 

When asked for the satisfaction level of the current data access system used, there is a 

noticeable overall high satisfaction level in general (Figure 3 in Appendix B). For most systems, 

more than 60% of the survey respondents are either satisfied or very satisfied.  

 

2.3.6 Application areas of Big Earth data 

We further examined the application areas for open Big Earth data and the importance of data 

analytics aspects along the data analysis chain. All of the six application areas provided 

(Wagemann et al. 2020) have a very high rate of interest. The four application areas with an 

interest rate of more than 90% are data visualizations, global and regional data analysis, time-

series analysis and analyses of long time-spans. The top three data analysis aspects more than 

80% of the respondents rate as important or very important are ‘Interoperability of data and data 

systems’, ‘time-series retrieval’ and ‘easier data discovery’ (Figure 2.8). 

Besides the fact that ‘interoperability of data and data systems’ is rated as the most 

important aspect, ‘data access with standard protocols, such as WMS or WCS’ on the other hand 

is rated with the lowest importance. This indicates that users do not draw a direct link between 

standardised data access and interoperability of data and data systems. Download of large data 

volumes is, despite the growing data volumes, an important aspect for more than 70%. Another 

question asked the respondents to rate five statements (Table 4 in Appendix B) how valid they 

are for them on a scale from 1 to 5. The statement ‘I need to combine different data sources’ is 

rated as the highest with an average ‘valid’ factor of 4.6 followed by the statement ‘I produce 

value-added products based on open datasets’. 

 

2.3.7 Data challenges 

We were further interested in the biggest obstacles data users currently face when accessing and 

working with Big Earth data. We provided a list of twelve challenges (see Figure 2.9).  

The top five challenges that more than half of the respondents see as either an obstacle or a great 

obstacle are: (i) limited processing capacity, (ii) growing data volume, (iii) data are disseminated 

in a non-standardised way, (iv) too many data platforms and portals, and (v) data discovery. Only 

one out of four respondents consider the complexity of data as a challenge. Three people did not 

provide any response to their data challenges (n=228). Other challenges that were mentioned 

include fragmentation of the data processing chain (different tools required for accessing data, 

exploring / visualizing data and analysing / validating data), lack of knowledge of data availability 

and bandwidth limitations. 

We compared the data challenges by four work sectors (see Figure 2.10). For respondents 

working at university, in the private sector and government, a growing data volume seems to be 

a greater obstacle (three out of five) compared to respondents working in an intergovernmental 

organisation / non-profit (two out of five). Challenges linked to limited processing capacities seem 

to be more pronounced for respondents working at university (72%), government (63%) and 

intergovernmental organisation / non-profit (58%) and seem to be a smaller obstacle for 

respondents working at an established company or start-up (40.8). 
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Figure 2.8. Importance of eight data analysis aspects. Respondents could indicate the importance 

on a five-point likert scale. Horizontal axis shows the relative frequencies in %, vertical axis 

shows the eight given data analysis aspects. Numbers on the left indicate the cumulated percent 

of the two likert items ‘very important’ and ‘important’ and numbers on the right indicate the 

cumulated percent of the likert items ‘not important’ and ‘not at all important’. 

 

 
 

Figure 2.9. Rating of 12 given data challenges. Respondents could rate on a five point likert scale 

from ‘a great obstacle’ to ‘no obstacle at all’. The horizontal axis shows the relative frequency 

in %, the vertical axis shows the twelve given challenges. The numbers on the left indicate the 

accumulated relative frequency of the two likert items ‘an obstacle’ and ‘a great obstacle’. The 

number on the right indicate the accumulated relative frequency of the two likert items ‘no 

obstacle’ and ‘no obstacle at all’. 
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Challenges related to a non-standardised data dissemination seem to be stronger for 

respondents working in government (63%) or an established company / start-up (65.3%) and 

slightly less important for respondents working at university (58%) or an intergovernmental 

organisation / non-profit (56%). Three out of five respondents working at university (60%) or in 

government (59%) find the high number of data platforms and portals challenging, compared to 

only every second respondent working in an established company / start-up (51%) or at an 

intergovernmental organisation / non-profit (56%). Complex data formats seem to be less of an 

obstacle overall, with respondents working at university (49%) at the higher end and with 

respondents working at an intergovernmental organisation / non-profit at the lower end (40%). 

Every second respondent working in government (52%) or at an intergovernmental 

organisation / non-Profit (47%) and only two out of five working at university or the private sector 

indicate the lack of easy-to-use tools as an obstacle. 

Data access systems in general are considered as a challenge by every second respondent working 

at university (49%) or government (52%) and only by every third respondent working at an 

intergovernmental organisation / non-profit (33%). Half of the respondents working in 

government (50%) and at an intergovernmental organisation / non-profit (51%) consider the cost 

of data services as an obstacle. This perspective is shared by only two out of five respondents 

working at university (40%) or the private sector (37%). 

The combination of different types of geospatial data is considered as a challenge by half 

of the respondents working in government (52%), while this is true for only a third of the 

respondents working in the other sectors (university – 29%, established company / start-up – 33%, 

intergovernmental organisation / non-profit – 31%). 
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Figure 2.10. Data challenges per work sector. Work sectors were combined in four groups: (i) university, (ii) intergovernmental organisation/non-profit, (iii) 

government and (iv) established company/start-up. 
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2.4 Discussion 

We presented findings from a survey conducted among users of Big Earth data regarding the 

current state how they access, manage and process large volumes of data and the challenges they 

face. While there are some studies based on user surveys focusing on open data and open data 

sharing (Enke et al. 2012, Schmidt et al. 2016) or user surveys aimed at one specific program or 

data system (Carter et al. 2018, ECMWF Copernicus User Support 2018, Bodlos, Anita et al. 

2020), this survey with its focus to better understand the diversity of user requirements of large 

volumes of Big Earth data is at least in our perspective by date unique. The total number of ‘users 

of Big Earth data’ worldwide is hard to estimate and hence, one might question whether the 

relatively low absolute number of responses (n=231) allows for valid conclusions. Studies on 

open science and open data sharing from other disciplines, such as psychology (Abele-Brehm et 

al. 2019) and economics (Scherp et al. 2020), feature lower response rates as well (~ 300), but 

emphasize the fact that the results offer valid insights for a sub-population as long as the sub-

population is well understood. In our case, the distribution of age group (~ 70% are in the age 

group between 30 and 50 years) is likely to reflect the general distribution of age among Big Earth 

data practitioners. We expect the same with the indicated work sectors. Given the fact that Big 

Earth data has traditionally been used mostly by researchers and just with the broader application 

of open data policies, other sectors started gaining interest in Big Earth data, it is still expected 

that a larger percentage of users work in academia. While almost 50% of the survey respondents 

indicated to work in academia, the survey reflects requirements and needs of data users from other 

sectors, such as government, the private sector (start-ups and established companies), non-profit 

organisations and intergovernmental organisations, but also communities related to different data 

types, such as Earth Observation data as well as climate / meteorological data. 75% of survey 

respondents indicated to use EO data compared to less than 50% who indicate to use climate and 

meteorological / environmental forecast data. This inclines the results more towards the EO 

community. The survey introduction addressed ‘users working with large volumes of 

environmental data’ and mentioned that it is about their current data handling modality and 

challenges they face in handling and processing Big Earth data. Hence, it is reasonable to assume 

that only practitioners who face challenges in handling and processing Big Earth data and who 

are somehow familiar with the topic have participated. On a regional aspect, the survey results 

reflect the perspective of Big Earth data users in Europe and the North American continent. Thus, 

even though our results are not representative of users of Big Earth data worldwide, they might 

still provide valuable insights about how Big Earth data users in Europe and the North American 

continent tend to currently access, handle, and process Big Earth data and the obstacles they face 

in doing so. Given the general trend in moving towards cloud-based systems in Europe (European 

Commission 2020, Pappenberger and Palkovic 2020), the USA (National Aeronautics and Space 

Administration 2020), but also e.g. in China (Huadong 2018), it is likely that the findings of the 

present survey are similar for users of Big Earth data in other parts of the world. Hence, we believe 

that the low absolute number of survey respondents does not undermine the validity of our 

findings but in fact provides valuable indications to tailor emerging cloud-based data services to 

the needs of Big Earth data users.  

In the survey of Schmidt et al. (2016) on Open Data in Global Environmental Research, 

‘well-defined’ quality information and metadata for open data, besides easy access to data and 

the ability to use and re-use it, are considered as the most important attributes for open data. The 

present survey reveals that mostly time constraints and the growing volume of data, but also an 

insufficient data documentation and good understanding of the data, hinder data users to exploit 



Users of open Big Earth data – An analysis of the current state - 28  

new data types. This shows that making data available under an open data license is fundamental 

(Zhu et al. 2019), but it does not automatically lead to a full data uptake. In order to improve the 

(re-)use of data, Wilkinson et al. (2016) have designed the FAIR Data Principles. Data that is 

findable, accessible, interoperable and reusable has higher chances to be (re-)used. From a Big 

Earth data user’s perspective, are Big Earth data FAIR? This question will be addressed in the 

following sections, with a specific focus on whether Big Earth data is ‘findable’, ‘accessible’ and 

‘interoperable’.  

 

Do users find data? 

Out of 12 given challenges, the two challenges related to finding data, ‘Data discovery’ and ‘Too 

many data platforms and portals’ are among the top five challenges. The perspective that there 

are currently too many data platforms and portals is equally shared across all work sectors. 

Additionally, out of eight given data analytics aspects, four out of five respondents rated an ‘easier 

data discovery’ as important or very important.   

In general, ‘finding’ or ‘discovering’ data is firstly linked with the knowledge of data 

existence and secondly with knowing additional information, such as the data originator or the 

official naming of the dataset. This knowledge improves a user’s success rate to ‘discover’ and 

‘find’ data. There are attempts to make it easier for researchers to discover data. In 2018, the 

Google Dataset Search was launched, which is a search engine across metadata for datasets stored 

in repositories across the web (Burgess and Noy 2018). Another attempt is the Global Earth 

Observation System of Systems’ Platform (GEOSS), which is considered as a global and flexible 

network of (Earth observation) data providers offering a single access point to a range of Earth 

observation data and information (Nativi et al. 2015). In order to make geospatial data stored on 

the cloud discoverable and accessible, the SpatioTemporal Asset Catalog (STAC) specification 

has been designed and is under development. STAC is a standardized way to describe metadata 

of spatial temporal data available on cloud-native geospatial services in a standardised way and 

enables cross-platform interoperability (Holmes 2017). Such systems rely strongly on a 

standardised approach to publish data together with metadata. In order for a dataset to be found 

and represented correctly, the Google Dataset Search for example relies on dataset providers 

adding structured metadata to their data access points.  

 

Are users able to ‘access’ Big Earth data? 

Data accessibility is not only linked to data access systems but is also governed by a growing data 

volume and the availability of appropriate software and data processing tools. Downloading data 

is still the prevailing mode of data access for 70% of the survey respondents. In contrast, the two 

top challenges identified are ‘limited processing capacity’ and a ‘growing data volume’. Despite 

of growing data volumes, almost three out of four users indicate their continued need to download 

large volumes of data. This requirement is nurtured from the users current need. The fragmented 

landscape of data systems additionally propagates data download, as the majority of users require 

data from different sources for their applications. The growing data volumes and the speed in 

which the data is generated however requires solutions that are conceptualized around the Moving 

Code paradigm, which sends executable applications or code to run on the server side where the 

data is stored. This approach avoids the download of massive amounts of data (Gomes et al. 

2020). For this reason, cloud-based services have emerged aiming at facilitating data access, 

processing and management. General cloud computing services, such as Amazon Web Services 

(AWS) or Google Cloud Platform (GCP) offer in general a high flexibility and scalability but 

require an advanced technical knowledge. Even though survey respondents indicate an interest in 

using cloud-based services in the future, a large-scale uptake strongly relies on building up trust 
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in terms of security and emerging costs of those systems (Pearson and Yee 2013). An alternative 

category has emerged that Gomes et al. (2020) define as ‘Platforms for big EO Data Management 

and Analysis’. These ‘user-centric’ platforms, e.g. data cube services or EO exploitation 

platforms, introduce a layer of abstraction to hide technical complexities and offer tailored 

functions to facilitate the analysis of Big Earth data (Giuliani et al. 2019). The ‘user-friendliness’ 

of these systems comes at a cost of flexibility. Results from this survey indicate a stronger future 

interest in ‘flexible’, but technical more complex cloud-based services, compared to ‘user-

friendly’ EO data services with technical abstraction, but less flexibility. 

Data formats and the availability of appropriate software and tools play further an 

important role when assessing ‘data accessibility’. The landscape of data formats is equally 

fragmented than the one of data access systems (Wagemann et al. 2018). GeoTIFF, NetCDF and 

CSV are the three data formats used most by survey respondents. With Landsat data being 

disseminated as GeoTIFF, the format has become the de-facto data format for satellite images 

(Klein et al. 2017). With the development of the CF (Climate and Forecast) metadata, the Network 

Common Data Format (NetCDF) is now frequently used among the climate and meteorological 

community (Hassell et al. 2017). The frequent use of CSV, especially in connection with Big 

Earth data, is surprising, but it is often used to export time-series information retrieved from Big 

Earth data (Klein et al. 2017).  

Key for ‘accessibility’ is that software and programming packages offer support and 

drivers for community specific formats (Ramachandran et al. 2018). Python and R are the 

dominating programming languages used to process Big Earth data, even though the survey 

results are inclined to a stronger use of Python. The reason for a Python dominance could be that 

the majority of current geospatial data services seem to offer more support for the Python 

community, e.g. the Copernicus Climate Data Store toolbox and the official API to access data 

from the Climate Data Store is Python-based. Amazon Web Services and Google Earth Engine 

both also offer a Python API to interact with the services.  

 

Are data ‘interoperable’? 

Close to 90% of the survey respondents identify ‘interoperability of data and data systems’ as the 

most important data analysis aspect. This in combination with the high rated statement ‘I need to 

combine different data sources’ show a strong need for interoperability of data and data systems. 

At the same time, a ‘non-standardised dissemination of data’ is among the top three data 

challenges identified by the survey respondents. Schmidt, Gemeinholzer, and Treloar (2016) also 

draw the importance of interoperability between infrastructures for sharing and using Open Data. 

The need to agree on common standards in file formats in order to exchange data is not new. In 

1985, the World Meteorological Organisation (WMO) approved GRIB (GRIdded Binary) as 

exchange format to be used to transmit large volumes of gridded data among meteorological 

organisations (Stackpole 1994). For data disseminated in NetCDF, the conventions for CF 

(Climate and Forecast) were designed, to standardize the processing and sharing of NetCDF files 

(Eaton et al. 2020). 

Interoperability is strongly linked with the implementation of data standards to 

disseminate and exchange data (Ramachandran et al. 2018, Wagemann et al. 2018). The de-facto 

standards for cross-platform interoperability of geospatial data are the standards developed by the 

Open Geospatial Consortium (OGC) (van Rees 2013). OGC specifies a set of standard protocols 

enabling the web-based discovery, portrayal, download and processing of spatial data. It seems 

that the survey respondents do not draw a direct link between interoperability and standards. One 

reason could be a non-sufficient understanding of the benefits of OGC web services among users 

of Big Earth data. On the other hand, the responsibility to implement data standards and 
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procedures for interoperability is on the side of data providers and organisations. Interoperability 

is often less of a technical than an organisational and cultural challenge. Political and financial 

incentives may help to make interoperability more attractive among data providers, as the 

example of the INSPIRE Directive (2007/2/EC) shows (Craglia and Nativi 2018). 

 

2.5 Towards more FAIR open Big Earth data 

The present study reveals that users of Big Earth data with a regional focus on Europe and the 

North American continent face obstacles to find, access and properly handle Big Earth data, which 

leads to an unfulfilled potential of data uptake. The major findings are:  

• Main challenges of survey respondents are related to a growing data volume, data 

heterogeneity, limited processing capacities, a fragmentation of the data processing chain 

and required time effort to (pre-) process data  

• Downloading copies of data onto local machines and handling and processing data locally 

with a combination of programming and desktop-based software is the prevailing mode 

of data handling 

• Survey respondents show a continued interest and need to download data in the future 

• Survey respondents prefer to use flexible cloud-based solutions over ‘user-centric’ 

platforms, such as data cubes or exploitation platforms, in the future 

 

To transform the current Big Earth data landscape, which are data silos locking away terra- to 

petabytes of Big Earth data to a landscape where Big Earth data become better findable, 

accessible, interoperable and eventually (re-)usable, an internationally coordinated effort among 

data providers of Big Earth data is required. For this reason, we propose to establish an 

international ‘OpenGeoCloud’ consortium with the following areas of activities: 

• To bring together Big Earth data and cloud-based service providers to advocate for and 

to foster collaboration towards interoperability of cloud-based services and a globally 

democratized data access 

• To define best practices for and identifying existing gaps on interoperability of cloud-

based services by following and implementing community standards by standards bodies 

• Develop a quality certification of cloud-based services by establishing quality standards 

with the aim to build up overall trust in and to decrease security and privacy concerns 

among users of Big Earth data  

• Implement and coordinate a centralised user feedback mechanism with the help of 

artificial intelligence, which automatically collects and analyses user requirements from 

data provisioning systems in order to be able to address emerging user requirements and 

to tailor cloud-based services to user needs   

• Capacity-building for Big Earth data users which is centred around building up technical 

competencies and trust and showcasing the benefits of alternatives to downloading 

massive amounts of data 
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Computer code availability 

The code developed to analyse and visualise the responses from the survey is available open-

source with the following details: 

• Name and version: R scripts to analyse responses of the user requirements survey, v0.1 

• Programming language: R 

• Developer: Julia Wagemann (Deutschhausstraße 12, 35037 Marburg, Germany) 

• License: Creative Commons CC BY-NC-SA 

• Code repository: https://github.com/jwagemann/survey_analysis 

 

Data availability 

The questionnaire and an anonymised version of the survey responses are available on Zenodo 

under the DOI 10.5281/zenodo.4075058 (Wagemann et al. 2020). 
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Abstract 

Cloud-based services introduce a paradigm shift in how users access, process and analyse Big 

Earth data. A key challenge is to align the current state of how users access, process and analyse 

the data with trends and roadmaps large data organisations layout. In addition, due to the increased 

availability of open data, a more diverse user base wants to take advantage of Earth science data 

leading to new user requirements. We run a web-based survey among Big Earth data users to 

better understand the motivation to migrate to cloud-based services as well as the challenges and 

opportunities that might arise. Results show an overall interest in moving to cloud-based services 

but air an insufficient literacy in cloud systems and a lack of trust due to security concerns and 

opacity of emerging costs. These gaps demand efforts on three levels. First, cloud services shall 

be targeted at intermediate users instead of policy- and decision-makers and over-engineered 

systems with a high level of abstraction should be avoided. Second, more substantial capacity-

building efforts are required to decrease the existing gap in cloud skills and uptake. Third, a cloud 

certification mechanism could help in building up overall trust in cloud-based services. 

 

3.1 Introduction 

The volume, variety, and velocity of data from Earth-observing satellites and Earth system models 

have increased exponentially, and Terabytes of open data are disseminated on a daily basis. This 

exponential growth of Big Earth data, coupled with technological advancement, leads to a 

paradigm shift of how and where data is stored as well as how users access, process and use the 

data. The traditional data-centric approach of Earth Observation data management and analysis, 

where the download of large volumes of data to local machines is central and the storage and 

processing of this data is executed locally, hampers the full use of open Earth data available 

(Overpeck et al. 2011, Ramachandran et al. 2018, Sudmanns et al. 2019, Gomes et al. 2020). The 

‘Moving Code’ paradigm brings a shift to the traditional data-centric approach. Instead of 

downloading and copying large volumes of Earth data to local machines, the data is accessed, 
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processed and analysed on cloud-based services where the data is located (Gomes et al. 2020). 

This shift ‘brings users (and executable code) to the data’ instead of ‘data to the users’ (Sudmanns 

et al. 2019). Cloud computing is one of the major current trends in Earth Observation (European 

Commission. Directorate General for Internal Market, Industry, Entrepreneurship and SMEs. and 

PwC. 2019, Yang et al. 2019, National Aeronautics and Space Administration 2020). Many 

publicly funded or commercial cloud infrastructures have evolved in recent years, offering 

specific services for effectively managing and analysing Big Earth data (Camara et al. 2016, 

Gorelick et al. 2017, Ramachandran et al. 2018, Gomes et al. 2020). Cloud infrastructures differ 

in their level of specialisation, functionalities they offer and the legal entity of the cloud provider. 

Even though these systems allow a very effective and scalable processing of Big Earth data, the 

systems demand advanced technical knowledge from users to take full advantage (Gomes et al. 

2020). For this reason, ‘user-centric’ data services have been developed, with the aim to still offer 

advanced access to and processing of Big Earth data, but hiding the underlying technical 

complexities of cloud-based systems through a layer of abstraction (Camara et al. 2016, Giuliani 

et al. 2019, Gomes et al. 2020). Gomes et al. (2020) quote these solutions as 'Platforms for big 

EO Data Management and Analysis' and provide a list of popular platforms as examples. Among 

them are the Google Earth Engine (Gorelick et al. 2017), data cubes, e.g. the Open Data Cube 

(Killough 2018), and OpenEO, an open-source interface between EO data infrastructures and 

front-end applications (Pebesma et al. 2017, Schramm et al. 2021). These platforms differ in the 

underlying technologies they use, their level of openness, abstraction, and the data and 

functionalities they offer. Even though these platforms aim at improving the access, management 

and processing of Big Earth data, the level of abstraction comes at a cost of flexibility. Users are 

restricted to the type of data and functionalities the platform offers. This limitation becomes 

challenging, especially when users need to combine different sources of data, e.g. climate data 

from models and Earth Observation data from satellites (Wagemann et al. 2021).  

The challenge with the user-centric paradigm is that the term user is not well-defined and 

additionally, through open data policies, users of Big Earth data have diversified (European 

Commission. Directorate General for Internal Market, Industry, Entrepreneurship and SMEs. and 

PwC. 2019). While CEOS identifies three key stakeholder groups of the Earth data value chain, 

(i) EO data providers, (ii) Big Data hosts and aggregators and (iii) data users, the European 

Commission only makes a distinction between intermediate and end users (Committee on Earth 

Observation Satellites 2019, European Commission. Directorate General for Internal Market, 

Industry, Entrepreneurship and SMEs. and PwC. 2019). In addition, Ramachandran et al. (2018) 

classify cloud vendors as data users but consider them as a new class of data consumer with 

distinct requirements. Users are a driving force in the development of new ‘user-centric’ systems, 

but the different user definitions lead to a diversity of new (cloud-based) systems, all claiming to 

address user needs. In Europe, cloud uptake is still low and downloading large volumes of data 

seems still to be the prevailing mode of data access (Carter et al. 2018, European Commission 

2020a, Wagemann et al. 2021). However, the European Commission considers cloud services as 

the way forward in order to efficiently store, process and disseminate large volumes of open data 

and to increase their uptake (European Commission 2020a). For this reason, the EC initiated 

several publicly funded cloud activities in recent years, including the European Open Science 

Cloud and the Copernicus Data Information and Access Services. The US government has already 

started in 2011 to publish a long-term high-level strategy to foster cloud adoption in federal 

agencies (Kundra 2011). As a result, the National Aeronautics and Space Administration (NASA) 

for example has developed a strategic vision to centralise key components of their Earth 

Observing System Data and Information System (EOSDIS) in a commercial cloud environment 

(National Aeronautics and Space Administration 2020). In Europe, the next step is ‘Destination 
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Earth’, a bold multi-year initiative by the EC, which aims to build a ‘digital twin’ of planet Earth 

to provide forecasts of floods, droughts and fires at a 1km spatial resolution, a scale many times 

finer than current models (Voosen 2020). Data at a finer spatial and temporal resolution results in 

exponentially growing data volumes and forces data organisations to migrate their existing 

‘download-based’ systems to new (cloud-based) solutions to be able to effectively manage and 

disseminate the data also in the future. On the other hand, working with these massive amounts 

of data and new data systems constitutes an increasing problem for data users. This is one reason 

why Destination Earth aims at supporting users to co-design a digital twin platform rather than 

an isolated system (Bauer et al. 2021). In order to bridge this gap, it is crucial to better understand 

the current state of Big Earth data users and their future needs. These insights will help to tailor 

new cloud-based data systems to user needs and develop adequate capacity building activities to 

empower users to build up necessary skills (NASA 2019).  

We run a web-based survey among users of Big Earth data to analyse the user’s perspective 

on cloud-based data systems for Big Earth data. The survey aimed to better understand the users’ 

motivation to migrate to and use cloud-based services in the future and how they wish to work 

with such systems. This paper is structured as follows: Section 3.2 outlines the methodology how 

the survey was conceptualized, implemented and analysed. Section 3.3 presents the survey results, 

which are then discussed in Section 3.4. In the end, we provide a conclusion. 

 

3.2 Methods 

We run a web-based survey on current and future user requirements of Big Earth data (Wagemann 

et al. 2020). This paper focuses on analysing questions related to the current and future use of 

data access systems. A total of nine questions is analysed. One question aimed at identifying the 

types of data access systems currently used and the ones of interest to be used in the future. The 

future data services section of the questionnaire aimed to identify whether data users are 

motivated to migrate to cloud-based data services in the future and, if yes, what aspects they 

consider important. Questions included the motivation to migrate to cloud services, preferences 

in the legal policy of cloud services, use of cloud services, the importance of security aspects and 

willingness to pay for cloud services. See A.2 in Appendix A for the survey’s ethics statement. 

The survey was implemented with EUSurvey, a tool offered by the European 

Commission to create online surveys and forms (European Commission 2021). The survey was 

open for responses during two time periods: the first survey period was between 12 November 

2018 and 30 January 2019 where 213 responses were collected. The second period was between 

11 April and 31 May 2019, during which another 18 responses were collected. The selection of 

the dissemination channels aimed to get the perspectives from different communities and 

practitioners within the geospatial field, who make use of Big Earth data in their application. 

Dissemination channels included social media channels, primarily Twitter and LinkedIn, 

professional mailing lists, and individual experts of stakeholder organisations within the 

geospatial field. Main hashtags used for social media posts were #earthobservation #geospatial 

#meteorological #climate #BigData #copernicus and #CloudComputing. The professional 

mailing lists included mailing lists run by the Google Earth Engine Developers Community, Open 

Geospatial Consortium (OGC), Division on Earth and Space Science Informatics of the European 

Geosciences Union, (ESSI EGU), Copernicus and ECMWF. Additionally, individual experts 

from ESA, OGC, the Group on Earth Observations (GEO), organisations of the United Nations 

working with geospatial data, e.g. the World Food Programme (WFP) and the Food and 
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Agricultural Organisation (FAO) were contacted and asked to distribute the survey within their 

professional network. 

Statistical significance tests were conducted in order to identify potential differences and 

preferences of cloud service use regionally (between Europe and the USA & Canada) and between 

different work sectors. We run a chi-square test and an analysis of the residuals in order to: (i) 

compare the use pattern of cloud services between Europe and the USA & Canada, (ii) compare 

the current use of data access systems among work sectors and (iii) compare the legal preference 

of cloud services between Europe and the USA & Canada and different work sectors. The levels 

of significance are indicated as follows: p<0.1(-), p<0.05(*), p<0.01(**) and p<0.001(***). For 

the analysis, we used  the statistical package R (R Foundation for Statistical Computing 2019), 

and for visualizations, the R package ‘ggplot2’ (Wickham 2016). 

 

3.3 Results 

A total of 231 responses were collected from 37 countries, with the majority coming from central 

Europe (Germany: n=53 (23%); United Kingdom: n=21 (9%); Italy: n=16 (6.9%)) and the North 

American continent (United States of America: n=34 (14.7%); Canada: n=13 (5.6%). 70% of the 

respondents were between 30 and 50 years old. University (n=106, 45.9%) followed by 

Government (n=46, 19.9%) and Established Company (n=41, 17.7%), were the main work sectors 

indicated. 

 

3.3.1 Current and future use of data systems 

Downloading data is the prevailing mode of data access (70% of survey respondents) across all 

work sectors, followed by accessing data through a cloud-computing infrastructure or OGC web 

services (Fig. 3.1). Users working in research seem to emphasize download services, as more than 

twice as many use a download service compared to other data access services. Custom APIs, data 

cubes and virtual research infrastructures are predominantly used at universities and in the private 

sector and less in government and non-profit/intergovernmental organisations. In general, user-

centric data services (data cubes or virtual research infrastructures) are the services least used by 

survey respondents.  

Additionally, the survey respondents were asked to indicate which data access service 

they would like to use in the future and which service they are not interested in. Absolute numbers 

indicate a stronger future interest in cloud-based services and user-centric services, such as data 

cube technologies and virtual research infrastructures. These absolute numbers are put in relation 

when the ratio between the responses of ‘future use of service’ and ‘no interest in this service’ is 

built. A ratio higher than one indicates an increased interest in this data service in the future, 

whereas a ratio less than one indicates an amplified disinterest in the service. Table 3.1 shows the 

ratios for each service per work sector. Download service and cloud-based services are the two 

data access modalities survey respondents across all work sectors would like to use in the future. 

Survey respondents working in government and the private sector further show an interest in 

using OGC web services. Notable is the high ratio of download services among survey 

respondents working at universities. This is significant at the 0.01 significance level (p-value: 

0.003965**). 
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Figure 3.1. Response to the question ‘How do you currently access large volumes of Big Earth 

data?’ divided by four work sectors (i) University / Research, (ii) Government, (iii) Private sector 

and (iv) Non-profit / Intergovernmental organisation. The bar plots indicate absolute numbers 

(n=230, one entry was removed due to invalid responses). 

 

 

Table 3.1. Ratio of the response options ‘I would like to use this service in the future’ vs ‘I am not 

interested in this type of service’ of the question ‘How do you currently or how would you like in 

the future to access large volumes of Big Earth data?’ A ratio above one (numbers in bold) 

indicates a stronger interest in using the respective data access system in the future. 

Data Access 

System 

University  Government Private 

Sector 

Non-profit / 

Intergov. Org. 

p-value 

Download 

Service 
17 2 1.5 1.8 0.003965** 

Cloud-service 6.25 5.25 2.57 2.2 0.4241 

OGC web service 0.92 1.71 1.15 0.7 0.03282* 

Custom API / 

OpenDAP 
0.83 0.58 0.93 0.67 0.568 

Virtual Research 

Infrastructure 
0.54 0.32 0.19 0.41 0.01131* 

Data Cube 

Technology 
0.84 1 0.75 0.67 0.1838 

Spatial / Array 

database 
0.6 0.5 0.76 0.56 0.5794 

 

 

Figure 3.2 shows the data access preferences of survey respondents in Europe (top) and the USA 

& Canada (bottom). The current uptake of cloud services seems to be higher in the USA & 

Canada, where more than 50% of survey respondents in the USA & Canada currently already 

access data from a cloud service. In Europe, fewer survey respondents are already using cloud 

services, but more than half is interested in using cloud-based services in the future. 
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Table 3.2 shows that the use pattern of cloud services between Europe and the USA & 

Canada is significantly different at a 0.1 significance level. Furthermore, the residual analysis 

shows a positive association with a future use of cloud services in Europe whereas the USA & 

Canada are stronger associated with a current use of cloud services. 

 

 

Figure 3.2. Data systems (i) currently used (dark-green), (ii) interested to use in the future (light-

green) and (iii) of no interest (grey). Top graph shows rel. frequencies of survey respondents from 

Europe (n = 112) and graph on the bottom shows relative frequencies of survey respondents from 

the USA & Canada (n = 47). 

 

Table 3.2. Chi-square results comparing use patterns of data systems between Europe and the 

USA & Canada (The use pattern of cloud services is significantly different between Europe and 

the USA & Canada at the 90% confidence level) 

Data system Chi-square / Degrees of Freedom (DF) p-value 

Download service 1.459 / 2 0.4821 

Cloud-computing infrastructure 5.5412 / 2 0.0626(-) 

OGC web service 2.1754 / 2 0.337 

Custom API / OpenDAP 0.59166 / 2 0.7439 

Virtual Research Infrastructure 0.86255 / 2 0.6497 

Data cube technology 2.3999 / 2 0.3012 

Spatial / Array database 1.9579 / 2 0.3757 
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3.3.2 Motivation to migrate to cloud services 

There is an overall interest and motivation to migrate to cloud services in the future (see Fig. 3.3). 

Almost 70% of the respondents indicated an interest or strong interest compared to only 10%, 

who are not interested in a change. We asked those who are not interested in migrating, to provide 

a reason for their disinterest. Reasons include a lack of confidence in the systems, cost (it is more 

economic to process data on internal / local systems), risk of dependency to a commercial cloud 

provider, institutional policies, no added-value foreseen, intermittent internet access, lack of 

resources as well as security and privacy aspects. 

 

 

Figure 3.3. Response in relative frequencies to the question: ‘How much are you interested in 

migrating your processing tasks to a cloud service (commercial cloud vendor or publicly funded 

cloud service) in the future?’. The Likert scale had five response options from `not at all 

interested` to `very interested` (n=225, 6 respondents did not provide a response). 

 

3.3.3 Preference of legal policy of cloud services 

When asked for a preference of the legal policy of the cloud service provider, a preference is 

given to publicly-funded cloud services in general (see Fig. 3.4 – top). A third of the respondents 

would prefer the use of a publicly funded general cloud service, e.g. the European Open Science 

Cloud. Another 22% would prefer a publicly funded specialised cloud, e.g. the Copernicus DIAS 

reference service WEkEO. Opposite, a quarter of the respondents do not mind the cloud-service 

policy at all. Six survey respondents did not provide their preference. 

The preference of a publicly funded cloud service tends to be stronger in Europe 

compared to the North American continent (Fig. 3.4 - top). Among all survey respondents from 

the North American continent, most indicated no specific preference followed by a preference of 

a commercial cloud vendor. In contrast, most survey respondents in Europe prefer a publicly 

funded general cloud, followed by a publicly funded specialized cloud and no specific preference. 

This association is reflected in a significant chi-square test comparing the preference of the legal 

policy between Europe and the USA & Canada (p-value: 1.078e-05***). The residual analysis 

confirms that the USA & Canada are positively associated with commercial cloud vendors, 

whereas Europe is positively associated with publicly funded cloud services. 

Compared with work sectors (Fig. 3.4 – bottom), the preference for publicly-funded 

clouds is highest in publicly funded work sectors, such as university, government and 

intergovernmental organisations / non-profits. No specific preference is highest among 

respondents working in a start-up or an established company. The preference for commercial 

cloud vendors is lowest among survey respondents working at university. The significance testing 

confirms a correlation between work sectors and legal policy of cloud services (p-value: 
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0.0004462***). The analysis of residuals confirms a negative association with commercial cloud 

services and users working in research (work sector ‘university’), whereas the work sector ‘Start-

up / Established company’ is positively associated with no specific preference of the legal policy 

(‘I do not mind’ response). Contrary, the work sector government is negatively associated with ‘I 

do not mind’, which leads to the conclusion that survey respondents in government mind the legal 

policy of cloud services. 

 

 

Figure 3.4. Preference of legal policies of cloud services in %, differentiated between sub-groups: 

regional (Europe (n=112) and North American continent (n=47) (top)) and work sectors (bottom) 

(n=225, six respondents did not provide a response). P-values of a chi-square test are significant 

at a 0.001 significance level (regional: 1.078e-05***, work sectors: 0.0004462***). 

 

3.3.4 Use of cloud services 

Data access, processing and storage are rated equally high (around three-quarters or even higher) 

when asked about the use of cloud services. A bit more than half (53%) of the survey respondents 

indicates to use cloud services for all three services: data access, storage and processing. 

Additionally, two out of three, who would like to use the cloud for data processing, would prefer 

to have pre-defined algorithms and standard processing libraries available in the cloud. Only 3% 

do not have any application need. Developing own algorithms, deploying own applications in the 

cloud, provision of operational services and data transfer and migration of cloud services were 

mentioned as ‘other’ cloud service uses. 
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3.3.5 Statements to cloud-based services 

We provided a list of five statements related to cloud services and asked the respondents to choose 

which ones would be true for them (Fig. 3.5). The option to upload own datasets and combine 

those with other datasets available on the cloud was rated most, followed by the need to export 

intermediary or final results out of the cloud.  More respondents would like to work on a cloud 

system collaboratively (e.g. sharing libraries, open data, and contributing with sharing data and 

workflows) rather than working privately on the cloud. Finally, the geographic location of the 

cloud service (e.g. if the cloud server is either located in Europe or in the USA) seems to play a 

less important role. 

 

Figure 3.5. Absolute (bars) and relative frequencies (labels on the right – n=226) of five given 

statements to cloud services. 

 

3.3.6 Security aspects of cloud services 

We asked the respondents to rate the level of risk (no risk at all, risk, major risk) of five security 

aspects related to cloud-based services: (i) data integrity (assurance of the accuracy and 

consistency of a data set over its entire life-cycle), (ii) data breaches (data information is copied, 

viewed, transmitted, stolen or used from unauthorized individuals), (iii) data loss (data 

information is destroyed and cannot be recovered), (iv) service unavailability (service is not 

continuously available) and (v) security of private / restricted data. At least two-thirds of the 

respondents rated all given security aspects as risk or major risk, with ‘service unavailability’, 

‘data loss’ and ‘data security’ being the top three security concerns (Fig. 3.6). Other risks 

mentioned included e.g. a changing business model of the cloud vendor, low data transfer rates, 

general law restrictions related to a different geographic location of the cloud or migration to a 

different cloud provider. 
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Figure 3.6: Security aspects of cloud services and related level of risk. The right plot shows 

responses of ‘major risk’, ‘risk’ and ‘no risk’. The left plot shows rating for response option 

‘Might be a risk, but not important for me’. Bars are absolute numbers, and labels show relative 

frequencies (n=228, three respondents did not provide a response). 

 

3.3.7 Examples of data workflows to be executed in the cloud 

A total of 70 respondents (30% out of 231 survey respondents) provided an example of a 

workflow they would like to execute in the cloud. The responses can be grouped in eight broader 

categories (see Table 3.3). Those categories with more than ten responses are related to (i) 

improving the overall efficiency of data handling aspects, including data discovery, access, 

processing and sharing, (ii) time-series analysis and (iii) automating pre- and post-processing of 

large volumes of data. Other categories include analysis of global data fields, combining and 

comparing different data types, modelling, Machine-Learning application and preparing, hosting 

and serving data. See (Wagemann et al. 2020) for individual responses to each category. 

 

3.3.8 User’s perspective on an estimation of technical cloud requirements 

Only one out of four (23.8%, n=55) survey respondents would be able to estimate technical 

requirements needed for data storage and processing in the cloud, such as storage space, RAM 

and number of CPUs. We categorized the responses to data volume, number of cloud instances, 

memory and number of CPUs (Fig. 3.7). Most respondents would need access to a data volume 

between 1 and 10 TB and up to 50 parallel instances to scale processing. Though, many 

highlighted a preference to use container-orchestration systems that manage the scaling of 
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applications based on requirements and user loads. Regarding the memory and number of CPUs 

per instance, either 64 GB or less than 10 GB combined with a lower number of CPUs (<10) is 

preferred. Other requirements were mentioned, e.g. Pangeo software stack, PyTorch, Tensorflow, 

network bandwidth, local SSD storage for caching and private network. 

 

Table 3.3. Reported categories based on free-text responses to the question: “Can you provide 

an example of a data workflow to be executed on a cloud-based service?”. Out of the 70 

responses, eight broader categories could be built. 

Category n % (n=70) 

Improved efficiency in data discovery, access, processing and sharing 17 24.3 

Time-series analysis 11 15.7 

Automatising pre- and postprocessing of large data volumes (including 

downscaling applications and SAR data processing) 
10 14.3 

Analysis of global data 9 12.9 

Combining and comparing different data types 8 11.4 

Modelling 6 8.6 

Machine-Learning / AI applications 5 7.1 

Preparation, hosting and serving data (e.g. as data cube) 4 5.7 

 

 

 

Figure 3.7. Technical requirements for data access and processing in the cloud – responses to 

the open question were categorized in (i) data volume, (ii) number of instances, (iii) memory and 

(iv) number of CPUs.  
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3.3.9 Willingness to pay for cloud services 

A total of 226 respondents provided a response to the question ‘Would you be willing to pay for 

services in the cloud’. Almost half (111 respondents, 49.1%) would make it dependent on the cost 

of the cloud service, 28.8% (65 respondents) would not be willing to pay for cloud services, and 

22.1% (50 respondents) would be willing to pay for services in the cloud.  

Those who would be willing to pay for services on the cloud (n=161 – respondents who would 

pay for processing and who make it dependent on the cost combined) were additionally asked to 

specify the services they would be willing to pay for (see Fig. 3.8). Almost 80% (128 respondents) 

would pay for processing services, followed by a bit more than two-third (67.7%, 109 

respondents) who would be willing to pay for data storage. Services respondents would be less 

likely to pay for are service support and data down- and upload (less than 40%). Other mentions 

included the willingness to pay in proportion of the revenue made by selling the products or 

services or for server space.  

 

 

Figure 3.8. Types of cloud services 161 users are willing to pay for. Bars indicate absolute 

number, labels on the bottom indicate %. 

 

We further asked those willing to pay for cloud services (n=161) for their price limits, up to which 

they would pay (Fig. 3.9). Half of them (81 respondents, 50.3%) prefer a cost model based on a 

monthly/ annual subscription fee. 37.3% would be willing to pay up to 1000 Euro / US Dollars 

or less. 

 

 

Figure 3.9. Price limit up to which 161 survey respondents would be willing to pay for cloud 

services. Bars indicate absolute number, labels on the right indicate %. 
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3.4 Discussion 

We presented findings of a user survey conducted among users of Big Earth data with a focus on 

the current and future interest in using cloud-based services. The survey results primarily reflect 

the perspective of Big Earth data users in Europe and the USA & Canada. Even though our results 

are not representative for users of Big Earth data worldwide, we are certain to provide valuable 

indications on how Big Earth data users might use cloud-based services in the future. One could 

question whether the relatively low number of total survey respondents (n=231) allows for 

drawing general conclusions about users of Big Earth data. Our response rate is similar to those 

from other studies (between ~100 to ~300) on open science and open data sharing (Abele-Brehm 

et al. 2019, Scherp et al. 2020) or capacity-building in Earth Observation (Chasmer et al. 2021). 

These studies argue that lower response rates still offer valuable insights for a sub-population on 

a respective topic, as long as the sub-population is well understood. Wagemann et al. (2021) 

discussed the representativity and sub-population of the survey in detail. In general, they conclude 

that the total number of users of Big Earth data worldwide and the expected response rate are hard 

to estimate. However, they argue that the representativity of the data set is underlined by the 

distribution of age (~70% are in the age group between 30 and 50) and the distribution of work 

sectors (~50% indicated to work at university). Both variables are likely to reflect the general 

distribution of Big Earth data users. Researchers have traditionally been the main user group of 

Big Earth data and only with the introduction of open data policies, other sectors started gaining 

interest. For this reason, it is still expected that a larger percentage of users work in academia 

(Wagemann et al. 2021). Further, the survey introduction addressed ‘users working with large 

volumes of environmental data’ and mentioned that it is about the interest to migrate to future 

cloud-based services. For this reason, it is reasonable to assume that only users who face 

challenges in handling and processing Big Earth data and who are in some way interested in 

infrastructural aspects of data management and processing participated in the survey.  

In general, results of this study reveal a great interest in using cloud-based services in the 

future (70% of all survey respondents are open to migrate). Given the great success of cloud 

computing in Europe, the USA (National Aeronautics and Space Administration 2020), and China 

(Huadong 2018), users in other parts of the world will likely rely on cloud-based services as well, 

even though regional differences exist. For example, in the USA and Canada, cloud uptake seems 

be more advanced than in Europe, where the current use of cloud-based services is still lower than 

the interest in using them in the future. These findings align with other European-focused surveys 

and reports on the understanding and uptake of cloud services. Results from the National 

Initiatives Survey by the European Open Science Cloud (EOSC) consortium show a high future 

interest in EOSC but a current low familiarity of EOSC activities (Bodlos et al. 2020). The 

European Data Strategy by the European Commission (EC) certifies, in general, a low cloud 

uptake across Europe. However, the EC considers cloud services an essential part of the European 

Data economy (European Commission 2020a). For this reason, Europe has put a strong emphasis 

on the development of publicly funded cloud solutions in recent years, with cloud initiatives such 

as the European Open Science Cloud (EOSC) (Bodlos et al. 2020), the Copernicus Data 

Information and Access Services (ECMWF 2018) or the European Weather Cloud, a community 

cloud for the meteorological and climate community (Pappenberger and Palkovic 2020). A new 

multi-year initiative of the EC called Destination Earth (DestinE) is expected to start in 2021. 

DestinE aims to construct ‘digital twins’ of the Earth, highly accurate federated cloud-based 

models that help to better monitor and predict environmental change and human impact 

(European Commission 2020b, Bauer et al. 2021). In addition, commercial and general-purpose 
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cloud solutions, such as Amazon Web Services, the Google Cloud Platform, and Google Earth 

Engine originate primarily from big technology companies based in the USA.  

Survey results revealed distinct preferences of legal cloud service policies by region and 

work sector. Survey respondents in Europe prefer publicly funded cloud solutions, whereas 

survey respondents from the USA and Canada are positively associated with commercial cloud 

services. These regional preferences can be attributed to different perceptions of privacy, security 

and trust in cloud computing in Europe and the USA. In Europe, data protection and privacy is 

considered a fundamental human right and, since 2018, strictly regulated under the ‘General Data 

Protection Regulation (GDPR)’. The USA does not have a coordinated approach. The need for 

data privacy and security is more considered ‘avoiding harm to people in specific contexts’ 

instead of actively protecting personal data (Pearson and Yee 2013). Public discussions contesting 

the compliance of US-based technology firms with European data protection and privacy 

regulations have indeed decreased the overall trust in big technology firms in Europe. A survey 

among European citizens in 2011 about attitudes on data protection revealed that services offered 

by public authorities and institutions, including the European Commission, are trusted more than 

commercial service providers (European Commission 2011). A natural conclusion would be that 

users from Europe, besides a preference for public funded cloud services, also strongly emphasize 

the geographic location of the cloud server. However, the survey respondents have rated the 

geographic location of a cloud server as the aspect least important. Even though the question was 

expressed in a more general context and not restricted to security aspects only, the results indicate 

that users of Big Earth data might prioritise other aspects when it comes to using cloud-based 

services. It could also mean that users of Big Earth data are simply not aware of the impact local 

legislations can have on privacy issues and management. In any case, the use of a cloud service 

is always a trade-off between multiple criteria, including security, privacy, compliance, costs and 

benefits (Pearson and Yee 2013, Ogunlolu and Rajanen 2019). Most likely, if there were two 

systems offering the same data access and processing functionalities, users from Europe would 

put more trust in the European cloud service. Due to a lack of alternatives, users trade privacy 

and security concerns for cloud service benefits, such as advanced data access and computing 

capabilities (Polyviou and Pouloudi 2015, Ogunlolu and Rajanen 2019). 

On work sector level, survey results still show a strong need for downloading data and a 

negative association with commercial cloud services for users working at university. In general, 

the private sector (start-ups and established companies) does not seem to adhere to the legal 

policies as strictly as the public sector. These observations can be explained by the fact that the 

private sector is often more independent in the choices of technology it uses. In addition, it often 

has to offer ‘operational’ services and, for this reason, shows a preference for commercial cloud 

services with clear Service Level Agreements. In contrast, the public sector and universities are 

often constrained by institutional or research policies, e.g. the research funding is linked with 

using a certain cloud service. Further, the preference for public clouds by the research community 

can also be attributed to the community’s general tendency using open(-source) solutions. The 

preference for downloading data among researchers can most likely be attributed to having 

maximum control on datasets and processing. 

The roadmap in the Big Earth data landscape foresees in the next ten years that users of 

Big Earth data will exclusively access and process open data on cloud-based services. In 

particular, an arbitrary ad-hoc combination of different heterogeneous data sets will generate the 

input for Artificial Intelligence (AI) applications (European Commission 2020b, ECMWF 2021). 

This is ambitious and a paradigm shift in many aspects for users, considering the current state of 

how users of Big Earth data access, process, and analyse data (Bauer et al. 2021, Wagemann et 

al. 2021). Despite the general interest in migrating to cloud services in the future, the survey 
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unveils a gap between skills required to use cloud services and the users’ current skill set. Only 

one out of four of the survey respondents can specify technical requirements for cloud-based 

processing. This gap in technical expertise is why user-friendly platforms such as data cubes or 

Virtual Research Infrastructures have been developed. They introduce a layer of abstraction to 

hide technical complexities (Camara et al. 2016, Killough 2018, Gomes et al. 2020). In the 

example of data cubes, technical complexities are reduced by offering pre-processed data 

(analysis-ready data (ARD)) that can be analysed with a list of pre-defined application algorithms 

(Killough 2018). It seems tough that such systems benefit smaller specialised user groups but are 

too restraining in general. The results of our survey further unveil a particular disinterest in such 

platforms. Cloud services, specifically those that offer Infrastructure-as-a-Service and Platform-

as-a-Service functionalities, provide great flexibility but at the same time require an 

understanding of network administration and system engineering. Even though cloud providers 

also try to hide technical complexities to facilitate the use of these systems, users are usually 

confronted with questions related to number of instances, storage space, type of VMs, etc. during 

the configuration process. This leads to the basic question of whether domain users, such as 

researchers and data scientists, are expected to develop the necessary technical capacities or if it 

would be better to build interdisciplinary teams bringing together domain researchers and system 

engineers / network administrators. 

Survey results further reveal an overall scepticism in cloud security and emerging costs. 

Two out of three rated the given security aspects related to data breaches or service unavailability 

as risk or high risk, and about half of the survey respondents make their willingness to pay for 

cloud services dependent on the emerging costs. These results indicate that besides the interest in 

cloud-based services, a lack of trust and skills currently hinder adoption of cloud-based services 

(Singh and Chatterjee 2017). In order to improve adoption and acceptance and to build up overall 

trust in cloud-based services, user capacities need to be strengthened (Giuliani et al. 2019, 

European Commission 2020a). The challenge thereby is to achieve a balance between addressing 

current user needs and, at the same time, building up capacities for the new generation of data 

systems, such as Destination Earth (DestinE). For this reason, training activities have to address 

current user needs and conceptualise how users are supposed to work with systems like DestinE 

and Big Earth data in the future. Computational notebooks, e.g. from the project Jupyter, have 

proven to support effectively reproducible data analysis, rapid prototyping and interactive training 

that appeals to a wide variety of users with their existing skills literacy (Abernathey 2018, Barba 

et al. 2019, Giuliani et al. 2019, Kim and Henke 2021). A JupyterLab / Jupyterhub interface 

deployed in the cloud facilitates data access and processing, with users hardly noticing the cloud 

environment (Perkel 2018, 2021). The importance for survey respondents to combine their own 

data sets with datasets on the cloud and a preference to work collaboratively on the cloud supports 

the urge for stronger efforts in the interoperability of cloud services, as the authors already argued 

for in (Wagemann et al. 2021). However, progress in interoperability and reproducibility between 

data services is slow. Besides technical aspects, an organisational and cultural change is required 

to fully embrace interoperability and reproducibility between (cloud-based) data services (Craglia 

and Nativi 2018). 

 

3.5 Conclusion 

Results from our web-based survey among Big Earth data users demonstrate a general interest 

and motivation to use cloud-based data services in the future. At the same time, results air regional 

differences between Europe and the USA & Canada, an insufficient literacy in cloud-based 
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services and a lack of trust in terms of security and emerging costs. In order to align the current 

state of how users access, process, and analyse Big Earth data with the ambitious roadmaps large 

data organisations lay out for the next ten years, the authors recommend the following actions to 

cloud service providers, data organisations, and funding bodies: 

• Tailor services to intermediate users: Community and specialised cloud services often 

target policy- and decision-makers as end-users, resulting in the evolution of user-centric 

over-engineered data services trying to hide any technical complexity. Instead of 

targeting policy- and decision-makers, the real users of cloud-based services will be 

researchers, data scientists or domain experts, who have the necessary knowledge and 

skills to gain insights and information from the increasing availability of Big Earth data. 

These insights are of great value for policy- and decision-makers to make evidence-based 

decisions. 

• Develop cloud certification standards: a lack of trust in terms of emerging costs and 

data security hinders a broad adoption of using cloud-based services. A trustable cloud 

certification with a quality assignment to cloud-based services could help to build up 

overall trust and to increase cloud uptake among users.  

• Invest in capacity-building: more substantial and more tailored capacity-building 

efforts are required to close the existing (cloud) skills gap. Training activities should 

follow the principles of reproducibility, collaboration, and open science with the help of 

interactive tools, such as computational notebooks. In addition, a modular approach with 

a combination of self-paced and online learning activities will help to accommodate 

different skills levels and learning preferences.   
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Abstract 

There is a growing demand to train Earth Observation (EO) data users in how to access and use 

existing and upcoming data. A promising tool for data-related training is computational 

notebooks, which are interactive web applications that combine text, code, and computational 

output. Here, we present the Learning Tool for Python (LTPy), which is a training course (based 

on Jupyter notebooks) on atmospheric composition data. LTPy consists of more than 70 

notebooks and has taught over 1000 EO data users so far, whose feedback is overall positive. We 

adapted five guiding principles from different fields (mainly scientific computing and Jupyter 

notebook research) to make the Jupyter notebooks more educational and reusable. The Jupyter 

notebooks developed (i) follow the literate programming paradigm by a text/code ratio of 3, (ii) 

use instructional design elements to improve navigation and user experience, (iii) modularize 

functions to follow best practices for scientific computing, (iv) leverage the wider Jupyter 

ecosystem to make content accessible and (v) aim for being reproducible. We see two areas for 

future developments: first, to collect feedback and evaluate whether the instructional design 

elements proposed meet their objective; and second, to develop tools that automatize the 

implementation of best practices. 

 

4.1 Introduction 

There is a growing gap between the amount of open Earth Observation (EO) data produced every 

day and the ability of users to find, access and process the data. Growing data volumes, data 

discovery and a limited processing capacity are major challenges faced by users of EO data, and 

these problems hinder data uptake and use (Wagemann et al. 2021a). Hence, there is a growing 

need to inform EO data users about existing and upcoming data products, as well as to teach them 

how to access and work with them. This aspect will gain importance in the future, as many new 
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developments and missions are in the pipeline. During the second phase of the Copernicus 

program, the launches of six high-priority candidate missions are planned by 2027 (Hebden 2020, 

Price Waterhouse Coopers (PWC) 2020). The European Organisation for the Exploitation of 

Meteorological Satellites (EUMETSAT) is preparing the launch of the next generation of its 

geostationary (Meteosat Third Generation) and polar-orbiting (Metop-Second Generation (SG)) 

satellites (European Organisation for the Exploitation of Meteorological Satellites 2022), and 

NASA’s Landsat program continues with the launch of Landsat-9 in September 2021 (Masek et 

al. 2020), followed by Landsat NeXt in 2029 (National Aeronautics and Space Administration 

2022). 

EO training is developed and offered by different entities, including academia, 

commercial entities, and key organizations in the field such as the National Aeronautical and 

Space Agency (NASA) in the US or the European Space Agency (ESA) and EUMETSAT in 

Europe. EO training offered through academia (category 1) provides a general introduction and 

formal training in basic and advanced concepts of remote sensing, geographic information 

sciences (GIS) and machine learning (ML) (Bernd et al. 2017, Miguel-Lago 2019). This category 

additionally teaches foundational technical skills such as data management and programming. 

Complementary to the EO training offered through academia is the training offered by 

commercial entities or key organizations (such as EUMETSAT) in the field (category 2). 

Trainings offered through this category are often specialized and tailored to activities and 

thematic application areas, new developments or data which the respective data organization or 

company offers (Miguel-Lago 2019). Academia, commercial entities and key organizations also 

often collaborate on education-related projects, e.g., to bring EO and remote sensing to schools 

(Hodam et al. 2020, European Space Agency 2022), or by developing digital learning resources 

(Friedrich Schiller Universität Jena 2022). 

The first category is aimed at undergraduate and postgraduate students. While 

introductory courses teach foundational skills in remote sensing, GIS or ML, advanced courses 

focus on applying these foundational skills and put them in the context of specific thematic 

applications. The target group of the second category (commercial entities and key organizations 

in the field) is highly diverse, where learners show a wide range of data, thematic and technical 

literacy. They may be EO ‘expert’ users (professionals in the EO domain or students at PhD and 

postdoc levels) who are interested in learning about upcoming satellite missions and data 

products, as well as EO practitioners who have just started using EO data products for a specific 

application and who are interested in learning about available or upcoming data products and how 

to use them (Miguel-Lago 2019). 

Unlike academic courses, which often span 10–15 weeks of weekly classes, training 

formats offered by commercial entities or key organizations are more diverse and range from 

short courses (up to 1.5 h) to multi-day workshops or training schools as well as Massive Open 

Online Courses (MOOCs). Compared to an academic course structure, such formats pose 

additional challenges. First, instructor time is limited. Additionally, there is limited time to set up 

the working environment, which often requires the download and installation of software and 

packages on different operating systems (Davies et al. 2020, Kim and Henke 2021). Hence, a 

flexible solution is required where training participants have access to a working environment 

during the training but can reproduce the same environment locally afterwards. Second, expertise 

related to data, programming language and thematic applications is highly diverse. Hence, the 

training needs to cater for different levels of data, thematic and programming literacy. Since 2020, 

the COVID-19 pandemic has greatly accelerated the need for online learning (Maggioni et al. 

2020, Bauer et al. 2021). Hence, the training offered by both categories needs to offer a high 

degree of flexibility in terms of how the course can be taught (online vs. more traditional, in-
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person classroom settings), and the training material needs to be well-organized and easy to 

follow so that course participants can also use the material after the training in a self-paced 

manner. 

One tool that can address some of the challenges listed are computational notebooks, 

interactive browser- or web-based applications that combine code, computational output, 

explanatory text and multimedia resources in a single document (Perkel 2018, 2021). 

Computational notebooks have become popular programming environments that facilitate 

collaboration, interactive development and reproducibility and are, in particular, valued for rapid 

prototyping, data exploration and training (Rule et al. 2018). There are dozens of different 

notebook systems available (Lau et al. 2020), but the use of Jupyter certainly excels across many 

disciplines (Pimentel et al. 2019, 2021, Chattopadhyay et al. 2020), including bio- and health-

informatics (Davies et al. 2020, Clarke et al. 2021, Engelberger et al. 2021), general data science 

(Boscoe et al. 2018, Kim and Henke 2021, Lasser et al. 2021) and, more recently, Earth 

Observation research (Camara et al. 2021, Committee on Earth Observation Satellites 2021). In 

2021, more than 10 million Jupyter notebooks were available on the code-sharing platform 

GitHub (Granger and Perez 2021, Perkel 2021). While, more and more, notebooks form part of 

complex end-to-end workflows and web applications that involve data ingest, computing, 

collaboration and distribution (Lau et al. 2020, Clarke et al. 2021), the majority are used for 

research experimentation, development of machine-learning pipelines and education (Rule et al. 

2018). Distinct advantages of Jupyter notebooks include its support of dozens of programming 

languages and its entire ecosystem of open-source subprojects, e.g., to make Jupyter notebooks 

shareable and accessible. ‘nbviewer’, for example, offers an option to share a static HTML 

version of a computational notebook (Granger and Perez 2021). Binder allows users to turn a 

collection of computational notebooks hosted on GitHub into executable notebooks (Jupyter et 

al. 2018, Perkel 2018, Granger and Perez 2021). In the background, Binder utilizes Kubernetes 

and JupyterHub to turn computational notebooks into interactive computational environments 

that can be accessed and used concurrently by multiple users. 

While computational notebooks are a common choice for collaborative research and for 

training and teaching data-intensive science, quantitative analyses of notebooks on GitHub (Rule 

et al. 2018, Pimentel et al. 2019, 2021, Lau et al. 2020) as well as empirical research among data 

scientists and researchers (Rule et al. 2018, Chattopadhyay et al. 2020) have identified unique 

challenges and pitfalls when using notebooks. One of the biggest disadvantages is that the code 

cells, despite being linearly arranged, can be executed in any order, which in turn fosters poor 

coding practices (Perkel 2018, Chattopadhyay et al. 2020, Lau et al. 2020). Pimentel et al. (2019) 

and Chattopadhyay et al. (2020) identified challenges to make notebooks reproducible and 

reusable (Pimentel et al. 2019, Chattopadhyay et al. 2020). In the study of Pimentel et al. (2019), 

only one out of four notebooks hosted on GitHub could be re-executed, and only 4% produced 

the same results in the end (Pimentel et al. 2019). Rule et al. (2018) identified a tension between 

the exploration and explanation of notebooks. Annotations are not evenly distributed within a 

notebook and do not reach the objective of well-described computational narratives (Rule et al. 

2018, Pimentel et al. 2021). 

Such findings have been the motivation to define best practices and recommendations on 

how to write and share Jupyter notebooks (Rule et al. 2019), how to make them reproducible 

(Pimentel et al. 2021), how to foster collaboration with notebooks (Quaranta et al. 2022) and how 

to use notebooks in academic classrooms (Johnson 2020). Most of these best practices focus on 

using Jupyter notebooks in a (data) science context, but not necessarily using them for education. 

In this article, we introduce the ‘Learning Tool for Python (LTPy) on Atmospheric composition 

data’. LTPy is a series of well-documented step-by-step computational notebooks on different 
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open satellite-, model- and ground-based data related to atmospheric composition developed by 

EUMETSAT. We applied five guiding principles to make these notebooks more educational and 

reusable. The principles are founded in recognized best practices from the fields of scientific 

computing and Jupyter notebook research and have been selected based on their applicability for 

training and capacity-building. For each principle, we share a practical example of how it was 

implemented in the LTPy course. 

This paper has the following outline: Section 4.2 introduces the Learning Tool for Python 

(LTPy) on atmospheric composition and explains its objective and target audience, as well as the 

course outline and structure, in detail. Section 4.3 highlights five guiding principles for using 

Jupyter notebooks for Earth Observation data education. Section 4.4 puts our approach and results 

into a wider context, and Section 4.5 offers concluding remarks and an outlook. 

 

4.2 Learning Tool for Python (LTPy) on Atmospheric 

Composition 

4.2.1 Overview, Aim and Target Audience 

LTPy is a Python-based series of Jupyter notebooks on different open satellite-, model- and 

ground-based data on atmospheric composition developed by EUMETSAT. The objectives of the 

LTPy course are threefold. First, it provides a general overview of different satellite-, model- and 

ground-based data on atmospheric composition to facilitate data uptake and use. Second, it 

provides code examples and well-annotated workflows on how to load, process and visualize 

these data. Third, it provides examples grouped in thematic application areas, e.g., fire 

monitoring, air-quality monitoring or stratospheric ozone. 

LTPy has been developed continuously since 2019 and consists of two parts: (i) the main 

course and (ii) thematic modules (see Table 4.1). The main course consists of more than 50 

Jupyter notebooks. The course outline is aligned with a typical data analysis workflow and 

includes notebooks on data access, data exploration, case studies and exercises (see Figure 4.1). 

Thematic modules are self-contained collections of notebooks related to a specific application 

area, such as dust monitoring and forecasting. The thematic module on dust monitoring and 

forecasting consists of 22 notebooks and is divided into two sections. The first section provides 

an overview of different types of data for dust monitoring and forecasting. The second section is 

hands-on, where exercises and assignments guide learners gradually through the analysis of a 

real-life dust event. In this way, training participants learn the advantages but also limitations of 

different datasets in a comprehensive way. Table 1 in Appendix C provides an overview of data 

introduced in the LTPy main course, while Table 2 in Appendix C gives an overview of data 

introduced in the thematic module. 

The LTPy course is for learners who have a basic understanding of Earth Observation 

data and remote sensing but need an overview of data available and a practical introduction on 

how the data can be accessed, processed and visualized. The course is designed to accommodate 

learners with different levels of data and coding literacy, from beginners to more advanced users 

of Python. 
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Table 4.1. Overview of the Learning Tool for Python components. 

Component Links 
Number of 

Notebooks 

LTPy main course 

• GitLab repository: 

https://gitlab.eumetsat.int/eumetlab/atmosphere/

atmosphere (accessed on 11 July 2022) 

• Hosted JupyterHub-based training platform: 

https://ltpy.adamplatform.eu/ (accessed on 11 

July 2022) 

51 

Thematic module 

on dust monitoring 

and forecasting 

• Jupyterbook: https://dust.trainhub.eumetsat.int/ 

(accessed on 11 July 2022) 

• Hosted Jupyterhub-based training platform: 

https://dust.ltpy.adamplatform.eu (accessed on 

11 July 2022) 

22 

 

 

 

 

Figure 4.1. Overview of Learning Tool for Python main course: general course outline (blue) and 

the modalities of access (yellow). The notebooks are organized in notebooks on data access, data 

exploration, case studies and exercises. Learners can either clone the content onto their local 

machines from a publicly accessible GitLab repository or directly access the JupyterHub-based 

training platform under https://ltpy.adamplatform.eu (accessed on 11 July 2022). The course 

starts with the index.ipynb notebook, which introduces learners to the course outline and 

modality. A notebook with 14 pre-defined functions helps to modularize code and to cater for 

different levels in programming and coding. 
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4.2.2 Hosting and Accessibility 

The main course is available on a public code repository, and the thematic module on dust 

monitoring and forecasting is accessible in the form of an online book 

(http://dustbook.ltpy.adamplatform.eu/ (accessed on 11 July 2022)) (see Figure 4.2). 

Additionally, the notebooks are available through a hosted JupyterHub-based training platform 

(LTPy main course: https://ltpy.adamplatform.eu/ (accessed on 11 July 2022); thematic module 

on dust: https://dust.ltpy.adamplatform.eu (accessed on 11 July 2022)), where the required Python 

environment, package dependencies and data are already available. Course participants are asked 

to register and create a free account under https://login.ltpy.adamplatform.eu/ (accessed on 11 

July 2022). 

 

 

Figure 4.2. Screenshot of the Jupyterbook on dust aerosol detection, monitoring and forecasting, 

which can be accessed via https://dust.trainhub.eumetsat.int/ (accessed on 11 July 2022). The 

example shows a subpage introducing the Meteosat Second Generation SEVIRI Level 1B data. 

Each data subpage has on top a link to the executable notebook on a JupyterHub-based training 

platform and info boxes on ‘basic facts’ and ‘How to access the data’. 

 

Hosted JupyterHub-based training environments provide great flexibility for course participants 

as well as course providers. Instead of preparing the programming environment on their local 

machines, training course participants can directly start with the content-based training. For us, 

as course providers, the hosted option has the advantage that server resources can flexibly be 

adapted for each training activity, depending on the expected number of participants. With a 

regular setup, up to 50 concurrent users can access the platform. However, for some larger training 

events, server resources were adjusted to be able to host up to 100 concurrent users. 
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4.2.3 Training Activities and Feedback 

Since the start of the Learning Tool for Python on atmospheric composition activities, the Jupyter 

notebooks have been used in a total of 16 in-person and online training events, and over 1000 

learners have been reached (see Table 4.2). There were three main types of training conducted: 

(i) training schools, (ii) thematic expert workshops and (iii) short courses. Training schools and 

thematic expert workshops usually have a duration of several days, while short courses aim to 

give a lightweight introduction to a specific topic and are usually 1 to 1.5 h long. 

 

Table 4.2. Overview of training events, including numbers of training participants for each type  

of training. 

Type of Training Number of Events Number of Participants 

Training schools 6 553 

Thematic expert workshops 2 130 

Short courses 8 402 

Total 16 1085 

 

 

We collected general feedback on the training via a poll conducted with the event audience 

engagement platform Slido. We asked the following four questions to gather general feedback on 

the training: 

• Q1: Would you recommend the training to a friend or colleague? (Rating from 1 to 5) 

• Q2: What did you specifically enjoy or find useful in this session? (Open response) 

• Q3: What should we do differently next time? (Open response) 

• Q4: What type of information would help you in using a specific dataset? (Multiple 

choice question) 

The overall feedback on the training material was positive. Over 90% (103 responses) would 

either recommend or highly recommend the training to a colleague or friend (Q1) (see Figure 1 

in Appendix C). Course participants specifically highlighted three aspects as useful (Q2) (see 

Table 3 in Appendix C): (i) the practical part of the training activities, including the introduction 

to Jupyter notebooks; (ii) introduction to atmospheric composition thematic and data; and (iii) the 

overall course structure, content and organization. A little more than half (54%, n = 57) 

specifically enjoyed the practical part of the training activities, and two out of five learners (40%, 

n = 36) highlighted Jupyter notebooks as particularly useful. A total of 92 participants provided 

suggestions for what could be improved (Q3) (see Table 4 in Appendix C). By far, the most 

mentioned suggestion (n = 27) was related to extending the practical training part to include daily 

assignments and to start workflows from downloading datasets. In total, 196 participants provided 

a response to Q4 (see Figure 2 in Appendix C). The two options that would help more than half 

of the respondents were (i) the provision of examples for basic processing, visualisation and 

analysis (59%) and (ii) training activities, e.g., short courses, webinars or recorded videos (55%). 
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4.3 Guiding Principles for Using Jupyter Notebooks for EO Data 

Education 

During the development of the LTPy notebooks, we applied a set of five guiding principles that 

helped us to make the notebooks more educational, to cater for different levels of data, thematic 

and programming expertise and to improve overall navigation to make the training material 

applicable for instructor-led trainings as well as for self-paced learning. This section outlines these 

guiding principles. 

 

4.3.1 Leverage the Literate Programming Paradigm to Make Jupyter Notebooks 

Educational 

The literate programming paradigm is not new and goes back to 1984, when Donald Knuth shared 

his idea to enrich code with natural language to explain its logic (Knuth 1984). Several decades 

later, notebooks, in fact, became an enabler of the literate paradigm and were designed to facilitate 

the construction and sharing of computational narratives (Granger and Perez 2021). However, 

several studies which explore the use of Jupyter notebooks among researchers and data scientists 

discovered that descriptive text in notebooks is (i) unevenly distributed, with most text at the 

beginning and hardly any text the end, and (ii) resembles more of a collection of loose scripts 

than a computational narrative. Further, the cell proportion in most notebooks is skewed towards 

more cells with code than cells with markdown (Rule et al. 2018, Pimentel et al. 2021). The 

importance of annotations and descriptive text, as well as dividing workflows into shorter 

subsections, increases when notebooks are used for educational purposes (Granger and Perez 

2021). To see if the notebooks of the LTPy course meet the objective to be educational and well 

documented, for each notebook we calculated the number of cells in total, number of markdown 

cells and number of code cells and built the ratio of markdown vs. code cells (see Appendix C 

Table 5 for notebooks from the main course and Appendix C Table 6 for notebooks from the 

thematic module). The total number of cells, on average, is 74 for the main course and 55 for the 

thematic module (Table 4.3). However, if the exercise notebooks of the thematic module, which 

tend to have less cells, are not considered, then the total number of cells on average would be 64. 

The average ratio of markdown vs. code cells is 2.8 for the main course and 3.2 for the thematic 

module (Table 4.3). This means that the LTPy notebooks have, on average, three times more 

markdown cells with descriptive text than cells with code. Figure 4.3 shows the frequency 

distribution per markdown/code ratio category. More than half (56%, n = 41) of the notebooks 

have a markdown/code ratio of 3. Another 21% (n = 15) of the notebooks have a markdown/code 

ratio of 4. Exercise notebooks tend to have a higher markdown/code ratio than data exploration 

notebooks or case studies (Table 4.3). 

 

  



Five Guiding Principles to Make Jupyter Notebooks Fit for EO Data Education - 65  

 

Table 4.3. Average number of total, markdown and code cells for each category of the LTPy main 

course and of the thematic module. Each entry summarized from Appendix C Tables 5 and 6. 

   

 

 

No. of 

Cells 

(Total) 

No. of Cells 

(Markdown) 

No. of 

Cells 

(Code) 

Ratio 

Main  

course 

Section I—Data access (n = 1) * 55 40 15 2.7 

Section II—Data exploration (n = 

21) 
56.4 41 15.4 2.9 

Section III—Case studies (n = 21) 87.1 62 25.1 2.7 

Section IV—Exercises (n = 7) 87 66.1 20.6 3.3 

Total (n = 50) 73.5 53.3 20.2 2.8 

Thematic 

module 

Data exploration (n = 12) 61.5 46.3 15.2 3.2 

Exercises (n = 5) 27.5 21.5 6 3.7 

Exercise solutions (n = 5) 73 52.8 20.2 2.6 

Total (n = 22) 55.4 41.5 13.9 3.2 

* The notebook on data access systems (1.1 in Table 5 in Appendix C) is an outlier, with a 

markdown/code ratio of 46.5. This notebook is not included in the calculation of the LTPy main 

course’s total number of cells (total, markdown and code) and ratio. For this reason, n = 50, 

even though the course consists of 51 notebooks. 

 

 

 

Figure 4.3. Frequency plot of number of notebooks per markdown/code ratio category. The ratio 

category describes the ratio of number of markdown cells vs. number of code cells. For example, 

a ratio = 3 means that the respective notebooks have three times more annotated cells than code 

cells. Top: frequency distribution of the notebooks that are part of the LTPy main course (n = 

50). Bottom: frequency distribution of notebooks that are part of the thematic module on dust 

monitoring and forecasting (n = 22). The LTPy main course has one outlier (a notebook with 

mainly descriptive text on how to access different data) with a ratio of 46.5. This outlier has been 

removed from the plot. 
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4.3.2 Use of Instructional Design Elements 

Throughout the course, we leveraged a combination of HTML/Markdown elements that serve as 

instructional design elements (see Figure 4.4 and Table 4.4). These elements improve the look 

and feel and overall navigation of the course as well as the navigation within a notebook. Each 

notebook has a navigation pane on top (see Figure 4.5, box 2). ‘Alert boxes’ help to highlight and 

cross-reference any prerequisites or related notebooks (see Figure 4.5, box 1). With the help of 

anchor links, each notebook has an outline section (table of contents) that allows learners to easily 

navigate to sub-sections within a notebook (see Figure 4.5, box 4). Additionally, we make use of 

backticks (`…`) to highlight important sections or code in the text of a markdown cell. Backticks 

change the font to Courier New and highlight the text in grey (see Figure 4.5, box 3). With these 

elements, we believe that the notebooks are useful for different training modalities and serve as 

training material for an instructor-led course but are also easy to follow and navigate when used 

for self-paced learning. 

 

 

 

Figure 4.4. Example of one case study notebook of the LTPy main course, with several 

instructional design elements integrated: header, navigation pane, alert boxes (course section 

and prerequisites), introduction section and notebook outline with anchor links. 
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Figure 4.5. Overview of HTML/Markdown commands, which were used as instructional design 

elements, and their rendered output: (i) alert boxes, (ii) navigation pane, (iii) highlighting text as 

code and (iv) anchor links. 
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Table 4.4. Overview of useful HTML/Markdown commands, including their functionality and the 

objective they fulfil. 

Type Command Functionality Objective 

Modularization 

%run 

./functions.ipynb 

Loads content, e.g., 

functions, hosted in  

another notebook  

or Python script 

Cater for different 

programming 

literacies 

Teach best practices 

for scientific 

computing 
?function_name 

Opens the docstring of  

the function 

Navigation 

pane 

<span style = 

“float:right;”> 

<a href = 

“./test.ipynb”> 

Next notebook >> 

</a> 

</span> 

Leverage HTML to align 

items to the right 

Improve overall  

course navigation 

Anchor links 

<a 

id=’”example1”></a>  

# Heading 1 

Assign an ID for each 

section  

in the notebook 
Improve navigation 

within a notebook 
[Heading 

1](#example1) 

Reference the assigned ID in  

the module outline on top 

Alert boxes 

<div class=”alert 

alert-block alert-

success”> 

Add content 

</div> 

Colorizes markdown cells 

Options for alert box colors:  

alert-success (green) 

alert-danger (red) 

alert-info (blue) 

alert-warning (yellow) 

Improve overall  

course navigation 

Text 

highlighting  

as code 

`this text shall be  

highlighted` 

Highlights the text within  

the backticks as code  

(changes font to Courier 

New and colors the text  

in grey)  

Highlight specific  

sections/code in 

text 

 

 

4.3.3 Follow Best Practices for Scientific Computing 

When Jupyter notebooks are used in an educational context, they should not only be 

conceptualized to teach a specific topic but should also set a good example by following and 

implementing best practices for scientific computing (Wilson et al. 2014, Rule et al. 2019). 

Several studies, however, reveal that common practices in notebooks contravene the best practices 

for scientific computing, such as an out-of-order execution of notebook cells (Pimentel et al. 

2019), poor-quality code (Wang et al. 2020) or code duplication (Koenzen et al. 2020). While not 

all best practices defined by Wilson et al. (2014) (Wilson et al. 2014) are directly applicable for 

an educational context, some are to be followed fundamentally, such as bringing imports at the 

beginning of a notebook, making code style and formatting consistent, using meaningful names 

for variables and the modularization of content. 
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An essential part of the LTPy course is a ‘functions’ notebook, which is a collection of 14 pre-

defined functions that support the learner with data loading, pre-processing and visualization. 

This modularization of repetitive code further helps to cater for diverse levels of coding and 

programming among training course participants. Learners with no or basic Python knowledge 

learn Python by applying these functions, where only keyword arguments (kwargs) have to be 

provided. Learners with more Python experience can examine the functions in a separate 

notebook or build their own functions or code routines in the notebook. External Python scripts 

or notebooks can be loaded from another notebook with the Jupyter magic command %run (see 

Table 4.4 and Figure 4.6). Once the magic command has been executed, the functions can be 

applied. The command ‘?function_name’ opens the docstring of the function, which provides 

learners with a short description of what the function does and the keyword arguments required. 

 

 

Figure 4.6. Magic command (%run) to load content, e.g., functions, from an external script or 

notebook. Once the command has been executed, the functions can be used in a notebook. The 

docstring of a function can be called by adding a question mark in front of the function name. 

 

4.3.4 Take Advantage of the Full Jupyter Ecosystem to Make Content Accessible 

A code-sharing platform such as GitHub or GitLab is a common way to share and provide access 

to notebooks and also offers a built-in rendering of notebooks (Rule et al. 2018). However, the 

built-in rendering is not ideal, and, for notebooks with an educational purpose, we recommend 

leveraging the wider ecosystem of Project Jupyter subprojects (Davies et al. 2020) and to make 

the notebooks available as static but also executable content. ‘nbviewer’, for example, allows you 

to paste a link to a notebook into a webpage, and it returns a nicely rendered version that can be 

shared with a unique link. With the help of the Jupyterbook project (Executable Books 

Community 2020), interactive online books can be built based on computational notebooks. We 
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chose to build a Jupyterbook for the thematic module on dust monitoring and forecasting and 

linked it with a JupyterHub-based training platform in the backend. In this way, learners can 

browse through the Jupyterbook like they browse through a website. On the top of each 

Jupyterbook subpage, they can follow a link that opens the executable notebook directly on the 

JupyterHub-based training platform (see Figure 4.2). Besides sharing notebooks statically, there 

are different platforms that offer free compute resources to execute and run notebooks. For 

example, Binder (Jupyter et al. 2018) or Kaggle make it possible to open a (collection of) 

notebook(s) in an executable environment. These are great options if the dependencies of the 

training environment are not too complex, and the data can be retrieved programmatically and is 

not too large in volume. On the other hand, a self-hosted JupyterHub server offers great flexibility 

in setting up the training environment and already includes all Python packages and data (Perkel 

2018, Kim and Henke 2021). This helps to mitigate the challenge of the fragmented landscape of 

EO data access systems (Wagemann et al. 2021a). The data of the LTPy course are hosted on 

more than five different data-access systems, and the access modalities range from manually 

downloading data to downloading data programmatically with an API. Making the data available 

already on the training platform and providing instructions on how to access data for self-paced 

learning gives educators flexibility to use the training material for different training formats. We 

have further discovered that, especially for training participants from regions with limited internet 

connectivity, the download of large volumes of data is a challenge but accessing the Jupyter-

based training platform is often manageable. On the other hand, a self-hosted JupyterHub server 

shifts system operation and maintenance responsibility to the training provider, which is often a 

considerable investment of time and resources (Kim and Henke 2021). 

 

4.3.5 Aim for Reproducibility 

The importance of reproducibility increases for notebooks with an educational purpose, especially 

if the notebooks are used for self-paced learning. To achieve a minimum standard of 

reproducibility, machine- and human-readable instructions for the data, computing environment 

and dependencies are required (Rule et al. 2019). Pimentel et al. (2019, 2021) discovered that the 

reproducibility of notebooks on GitHub is far from ideal and, as a result, defined eight best 

practices to improve the reproducibility of notebooks. Some are in line with best practices for 

scientific computing, e.g., (i) abstracting code into functions, classes, and modules, and (ii) 

putting imports at the beginning. Another two practices, (i) paying attention to the bottom of the 

notebook and (ii) restarting kernel and running all cells, can easily be achieved during the cleaning 

process of a notebook. In the LTPy course, we further record dependencies, including the package 

version, in an environment.yml file and provide the data as a zipped tar file for download from 

an FTP server. However, the growing data volumes of Earth Observation data make this 

challenging. The data folder for the LTPy main course, for example, has more than 80 GB. We 

acknowledge that making notebooks reproducible is associated with a considerable amount of 

extra effort and time investment, but aiming for reproducibility, especially when notebooks are 

used for training and capacity-building, greatly increases the usability of the notebooks. 

 

4.4 Discussion 

In this paper, we share our experience with using Jupyter notebooks in Earth Observation data 

education. We adapted five guiding principles, mainly from fields of scientific computing and 

Jupyter notebooks research, to make the notebooks more educational, reusable and fit for teaching 

and capacity building. In the following section, we will discuss our reasoning as to why we believe 
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that the five guiding principles introduced in this manuscript are fundamental for EO data 

education. 

Leverage the literate programming paradigm: The literate programming paradigm 

(Knuth 1984) is fundamental for educational notebooks. Currently, the potential for developing 

rich computational narratives has not been fully unleashed, even though Jupyter notebooks make 

this easier than ever (Rule et al. 2018). One reason for this may be the considerable time needed 

to clean up a notebook and to rearrange code and markdown cells into a coherent workflow and 

narrative. The results from Rule et al. (2018), who analyzed more than one million notebooks 

hosted on Github, revealed that one out of four notebooks had no text at all, and those who had 

text had hardly more than 1000 words. The results from Quaranta et al. (2022) show a median 

text/code ratio of 0.4 (7/19), indicating that the ~1000 notebooks analyzed in the study had 2.7 

times more code than text (Quaranta et al. 2022). In comparison, the text/code ratio of the LTPy 

notebooks seems exceptional. Their text/code ratio is exactly reversed, having an average 

text/code ratio of 3. Even though there are no defined minimum standards for notebooks, we could 

conclude that a text/code ratio of at least two (twice as much text cells than code cells) could be 

an indication of the literate programming paradigm and meeting the criteria of being 

‘educational’. 

Use of instructional design elements: This guiding principle originates mainly from the 

need to make the training material coherent and easy to navigate for both self-paced learning and 

during an instructor-led training session. We are not aware of any minimum standards concerning 

instructional design elements in Jupyter notebooks that have been defined so far. Hence, this 

manuscript can be considered as a starting point to share one approach and practical 

implementation examples on how UX design features can be leveraged to increase the look and 

feel, quality and overall navigation of notebooks. An important next step would be to collect 

feedback on whether the instructional design patterns implemented in the LTPy fulfil their 

objective. 

Take advantage of the full Project Jupyter ecosystem to make content accessible: Johnson 

(2020) describes the benefits and pitfalls of using Jupyter notebooks in an academic classroom 

and highlights, for example, that the client–server model upon which Jupyter notebooks are based 

is often already a hurdle for novice users (Johnson 2020). Accessing and processing EO data that 

is browser- or web-based is a ‘paradigm-change’ for EO data users, especially as the majority still 

process large volumes of EO data locally (Wagemann et al. 2021a, 2021b). Hence, conducting 

training based on Project Jupyter tools not only supports EO data users in their current needs, but 

also helps familiarize them with future data processing interfaces. The web interface JupyterLab, 

in particular, is often seen as the ‘next-generation’ user interface for conducting data science 

(Perkel 2018, 2021). We believe that this will also be the case for Earth Observation data science. 

Many Earth Observation platforms and EO cloud-based services already offer a JupyterLab web 

interface to access and process EO data. Hence, computational notebooks can be considered as a 

facilitator for the paradigm ‘bringing users to the data’ and the transition to cloud-based services 

for Big Earth data (Echterhoff et al. 2021, Wagemann et al. 2021b). 

Follow best practices for scientific computing: Using Jupyter notebooks in an educational 

context amplifies the responsibility to develop high-quality notebooks that follow best practices 

on scientific computing (Wilson et al. 2014) and the use of Jupyter notebooks. Despite an 

exponential growth of Jupyter notebooks on GitHub in recent years, most notebooks fall short in 

terms of quality and following common best practices. One reason could be that best practices 

and practical implementation examples are not well known and the pitfalls of Jupyter notebooks 

are not well understood. Even though not all best practices for scientific computing and the use 

of Jupyter notebooks are directly applicable to an educational context, the two we consider 
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fundamental are the modularization of content and importing libraries at the beginning. The latter 

is relatively easy to implement with no additional effort and seems to be adopted in most cases 

(Quaranta et al. 2022). Modularizing content, e.g., functions, can be time-consuming, especially 

to make the functions applicable to different types of EO data products. From our experience, the 

time investment pays off, as from an educational perspective, the modularization of functions not 

only follows best practices for scientific computing, but also helps to cater for different levels of 

coding and programming expertise. 

Aim for reproducibility: Being reproducible is a big claim, which we do not dare to make. 

For this reason, as a guiding principle, we advocate to ‘aim’ for reproducibility when developing 

Jupyter notebooks in an educational context. The minimum reproducibility aspects that should be 

followed in an educational context are to re-run notebooks from top to bottom, to clean any empty 

cells and to make the processing environment including data reproducible. It seems that there is 

a misconception that content is automatically reproducible when made available as a Jupyter 

notebook. The study by Pimentel et al. (2019, 2021), however, revealed that only a quarter of the 

notebooks available on Github can be re-executed. In the study by Quaranta et al. (2022), a 

surprisingly high percentage of the notebooks analyzed on Kaggle had a linear execution order. 

They argue that this best practice is enforced by Kaggle, and that the ‘execute all’ command is 

part of the commit process. In the Jupyter ecosystem, this process needs to be invoked manually. 

One suggestion for future developments could be that best practices are automatically integrated 

in the ecosystem. For example, when a notebook is committed to a code sharing platform, a 

cleaning of empty cells and an execution of cells from top to bottom is automatically invoked. 

 

4.5 Conclusion and Future Outlook 

The increase in open Earth Observation data and the emergence of cloud-based services require 

stronger efforts in training EO data users to ensure continued EO data uptake and use. By sharing 

our experience and guiding principles on how to make notebooks more educational, we hope we 

can contribute to increasing the overall quality and usability of Jupyter notebooks, especially 

when these are used in an educational context. Current best practices focus on the general use of 

notebooks among data scientists, but more research and practical examples from the community 

on how to make notebooks more educational are required. We see two areas of future 

developments as relevant. First, we need a better understanding of notebook users, the benefits 

they seek and the challenges they face when starting to use notebooks, especially in application 

domains where the use of Jupyter notebooks is growing, such as in the field of Earth Observation 

research. Further, we need an evaluation of whether the instructional design elements that were 

shared in this manuscript meet their purpose of improving the navigation through the training 

material. Second, we believe that time is the main the reason why best practices related to 

scientific computing or reproducibility are often not followed. Some best practices could be 

invoked by developing, e.g., a Jupyter extension, which re-executes a notebook from top to 

bottom and removes empty code cells before it is committed. 
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Chapter 5 

Summary, Conclusion and Outlook 

5.1 Summary and Conclusion 

The introduction of open data policies in the Big Earth data domain leads to an exponential 

increase of the volume, variety, and velocity of Earth data and to a diversification of users. In 

addition, the emergence of cloud-based services challenges traditional workflows and is a 

paradigm-shift in how users will access, handle and process Big Earth data in the future. To ensure 

a continued uptake of Big Earth data and to better tailor emerging cloud-based services to user 

needs, a better understanding on three levels is required: (i) how users currently access and work 

with Big Earth data, (ii) how they wish to do so in the future and (iii) how evolving training needs 

to discover, access and process Big Earth can be addressed. Hence, this thesis puts a focus on user 

requirements and training needs for Big Earth data. The central novelties of this study are: 

 

• A better understanding of users of Big Earth data, with a geographic focus on Europe 

and the USA & Canada, in terms of the type of data they explore, the applications 

areas, the way they access and process Big Earth data and the challenges they face 

 

• A better understanding whether users of Big Earth data are motivated to migrate to 

cloud-based services in the future and of regional as well as sectoral differences of 

cloud services use and uptake 

 

• Five guiding principles to make computational notebooks more educational and 

reusable and to increase their overall quality and applicability for Big Earth data 

education 

 

In order to get a better insight in the current and future requirements and challenges of users 

coping with Big Earth data, a comprehensive web-based user survey was conducted between two 

time periods, from (i) November 2018 and January 2019 and (ii) April to May 2019. A total of 

231 responses from 37 different countries were collected, with most respondents coming from 

central Europe and the USA & Canada. Two analysis rounds were conducted. The first analysis 

round put a particular focus on how users of Big Earth data currently access and process data and 

the challenges they face. Hence, hypothesis H1 was formulated as follows: 

 

H1  Major trends in the Big Earth data domain translate into major challenges for users to 

find, access, interoperate and reuse Big Earth data, which in turn leads to an unfulfilled 

potential of Big Earth data uptake. 

 

This analysis round in particular analysed questions about (i) the type of Big Earth data users 

currently use and would like to use in the future, (ii) data formats used, (iii) data handling 

modality, (iv) geospatial toolset, (v) data access systems and rate of satisfaction, (vi) application 

areas of Big Earth data and (vii) the challenges they currently face (Chapter 2). 
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Main findings of this analysis round include that the prevailing mode of data handling is 

downloading copies of data onto local machines and to handle and process Big Earth data locally 

with a combination of programming and desktop-based software. The top five challenges which 

more than half of the respondents indicated as either an obstacle or a great obstacle are: (i) limited 

processing capacity (63%), (ii) growing data volume (62%), (iii) data are disseminated in a non-

standardised way (59%), (iv) too many data platforms and portals (55%) and (v) data discovery 

(53%).  Hence, the top five challenges are all related to ‘finding’, ‘accessing’ and ‘interoperating’ 

Big Earth data, which in turn hinders the reusability of Big Earth data. Overall, the results of this 

analysis round indicate that major trends in the Big Earth data domain, such as an exponential 

increase in volume and variety of Big Earth data and the emergence of user-centric platforms 

translate into major challenges for Big Earth data users. The potential of Big Earth data uptake is 

unmet. Therefore, hypothesis H1 could be confirmed. 

A second analysis round aimed at analysing requirements for (future) cloud-based services and 

specifically put a focus on analysing the existence of potential regional and sectoral differences. 

Thus, hypothesis H2 was formulated accordingly: 

 

H2  Users are motivated to migrate to cloud-based services in the future, but regional and 

sectoral differences as well as a gap between users’ current skills and skills required to 

use cloud-based services are expected. 

 

In this analysis round survey questions on (i) current and future use of data systems, (ii) 

motivation to migrate to cloud services, (iii) preference of legal policy of cloud, (iv) use of cloud 

services, (v) statement to cloud-based services, (vi) security aspects of cloud services, (vii) 

examples of data workflows to be executed in the cloud, (viii) user’s perspective on an estimation 

of technical cloud requirements and (ix) willingness to pay for cloud services were analysed 

(Chapter 3). To identify potential differences and preferences of cloud service use regionally 

(between Europe and the USA & Canada) and between different work sectors, statistical 

significance tests in form of a chi-square test and the analysis of residuals were applied. Main 

findings of this analysis round were that users of Big Earth data are motivated to use cloud-based 

services in the future; more than 70% of survey respondents indicated an interest to migrate. 

However, regional (between Europe and the USA & Canada) as well as sectoral differences exist, 

especially in terms of data access and cloud policy preferences. The use of cloud-based services 

seems to be more advanced in the USA & Canada compared to Europe. Around half of the survey 

respondents from the USA & Canada indicated to currently use cloud-based services already. On 

the other hand, less survey respondents from Europe use cloud-based services already, but more 

than half indicated their interest to use it in the future.  

There is further a significant difference between the two geographical regions in terms of cloud 

policy preference. The USA & Canada are positively associated with commercial cloud vendors, 

whereas Europe is positively associated with publicly funded cloud services. When work sectors 

were compared, download and cloud-based services were the two data access systems that survey 

respondents across all work sectors want to use in the future. However, survey respondents 

working in academia showed a noticeable high need in using download services also in the future. 

In terms of cloud policy, significant differences among work sectors were identified. Publicly 

funded work sectors (university, government, intergovernmental organisations) were associated 

with a preference for publicly funded clouds, whereas survey respondents working in the private 

sector were associated with no specific preference of the legal policy. 
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Results further revealed that a broader adoption of cloud use is impeded by a lack of trust in terms 

of security and emerging costs and an insufficient literacy of using cloud-based services. Two out 

of three classified security aspects related to data breaches or service unavailability as risk or high 

risk and half of the survey respondents made their willingness to pay for cloud services dependent 

on the actual cost. Additionally, the survey unveiled a gap between a user’s current skill set and 

the skills required to use cloud-based services. Only one out of four would be able to specify 

technical requirements for cloud-based processing. Hence, hypothesis H2 could be confirmed as 

well. 

One main conclusion of the web-based user survey is an increased need for training and 

capacity building activities, in order to empower users of Big Earth data to build up necessary 

skills related to finding, accessing and processing Big Earth data. In this way, the uptake of Big 

Earth data as well as adoption and overall trust in cloud-based services can be improved. 

Hypothesis H3 was formulated accordingly: 

 

H3  Computational notebooks are a promising tool to support users in finding, accessing, and 

processing Big Earth data, but guiding principles are required to make them educational 

and reusable 

 

Data organisations and cloud service providers have an increased responsibility to support users 

of Big Earth data with building up necessary cloud competencies and to teach and inform about 

existing and upcoming data products. Hence, together with the European Organisation for the 

Exploitation of Meteorological Satellites (EUMETSAT), a training course called Learning Tool 

for Python (LTPy) on atmospheric composition data was developed (Chapter 4). LTPy is based 

on Jupyter notebooks and has specifically been developed for learners who have a basic 

understanding of Earth Observation data but need an overview of data available and a practical 

introduction on how to access, process and visualise the data. During the development of the 

training course, a set of five guiding principles was applied that helped to make the notebooks 

more educational, to cater for different levels of data, thematic and programming expertise and to 

improve overall navigation to make the training applicable for instructor-led trainings and self-

paced learning alike. To identify the guiding principles for Earth Observation data education, a 

literature review of recognized best practices for scientific computing, reproducibility, and 

general use of computational notebooks was conducted and the ones applicable to an educational 

context were selected. The following five guiding principles were identified: (i) leverage the 

literature programming paradigm to make Jupyter notebooks educational, (ii) use of instructional 

design elements, (iii) follow best practices for scientific computing, (iv) take advantage of the full 

Jupyter ecosystem to make content accessible and (v) aim for reproducibility. One central result 

was that the notebooks developed under LTPy have three times more markdown (text) cells than 

code cells, which seems exceptional compared with other studies. Even though there are no 

defined minimum standards of the text/code ratio of notebooks, it can be concluded that a 

text/code ratio of least two is a good indication of the literate programming paradigm. In 

summary, the literature review revealed that even though education is one of the main uses for 

Jupyter notebooks, notebooks often fall short in meeting best practices for scientific computing, 

reproducibility and general use of Jupyter notebooks. Using Jupyter notebooks in an educational 

context amplifies the responsibility to develop high-quality notebooks that follow these best 

practices. Hence, the practical implementation examples of the guiding principles identified may 

contribute to improve the overall quality of notebooks. Hypothesis H3 can thus be confirmed as 

well. 
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5.2 Outlook 

After a detailed summary of the main results of this thesis, this section reflects on potential future 

developments and some recommendations based on the findings of this thesis. The results of the 

web-based survey are inclined to Europe and the USA & Canada and perspectives from other 

parts of the world, e.g. China or developing countries, are hardly represented. Given the general 

trend moving towards cloud-based systems in Europe (European Commission 2020b, 

Pappenberger and Palkovic 2020) and the USA & Canada (National Aeronautics and Space 

Administration 2020), but also e.g. in China (Huadong 2018), it is likely that the findings of the 

present survey are similar for users of Big Earth data in other parts of the world. However, one 

important next step would be to run the web-based survey again but targeting specifically users 

of Big Earth data from parts of the world that were not represented in the first survey round. The 

transformational character of the current Big Earth data landscape offers an opportunity to 

improve data access and use as well for developing countries (Kijazi et al. 2021, World Economic 

Forum 2021). Another important next step would be to repeat the survey every three to four years, 

which would allow to assess changing needs and the state of the Big Earth data landscape 

transformation. The advantage of the conducted survey is its objectivity, as user surveys so far 

have either focused on a specific topic, e.g. open data and open data sharing (Enke et al. 2012, 

Schmidt et al. 2016), or aimed at one specific program or data system (Carter et al. 2018, ECMWF 

Copernicus User Support 2018, Bodlos et al. 2020). Concerning the use of Jupyter notebooks for 

Big Earth data education, there are three areas of future developments. First, this thesis put a focus 

on sharing the five guiding principles together with a practical implementation example on how 

Jupyter notebooks can be made more educational. A logical next step would be to evaluate 

whether the instructional design elements introduced meet their purpose of improving overall 

navigation of notebooks. Second, one likely reason why best practices and guiding principles are 

not followed is time. Hence, some of the best practices could be invoked by developing tools that 

integrate best practices into the workflow, e.g. to restart the kernel and execute cells before a 

notebook is committed or remove empty cells automatically when a notebook is saved. And third, 

the use of Jupyter notebooks in the field of Big Earth data is still growing and an empirical 

research among Big Earth data users on how they use notebooks, which benefits they seek and 

what challenges they face when using Jupyter tools will help to improve the use of Jupyter 

notebooks for Big Earth data education, but also to better address training needs to discover, 

access, and process Big Earth data. 
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Chapter 6 

Zusammenfassung 

Der Begriff „Big Earth data“ wird im Englischen oft dafür verwendet, um große 

Umweltdatensätze von Satelliten oder Computermodellen zu beschreiben. Die Entscheidung 

diese Datensätze offen verfügbar zu machen, führte in den letzten zehn Jahren zu einem 

exponentiellen Anstieg des Volumens und der Vielfalt dieser Daten sowie der Geschwindigkeit, 

in welcher diese generiert werden. Dies hat zur Folge, dass nicht nur Datenexperten und 

Wissenschaftler mit den Daten arbeiten, sondern auch Nutzer aus unterschiedlichen Disziplinen. 

Darüber hinaus sind neue Cloud-basierte Datendienste ein Paradigmenwechsel in der Art und 

Weise, wie Nutzer in Zukunft auf diese Daten zugreifen und sie verarbeiten werden. Um die 

komplette Nutzung der verfügbaren Daten zu gewährleisten und neu entstehende Cloud-basierte 

Dienste besser auf die Bedürfnisse der Nutzer zuzuschneiden, ist ein besseres Verständnis auf 

drei Ebenen erforderlich: (i) wie Nutzer derzeit auf diese Datensätze zugreifen und diese 

verarbeiten, (ii) wie sie mit diesen Daten in Zukunft arbeiten wollen und (iii) wie daraus 

entstehende Schulungsanforderungen erfüllt werden können. Aus diesem Grund konzentriert sich 

diese Arbeit auf die Nutzeranforderungen und den Schulungsbedarf von „Big Earth data“. Die 

zentralen neuen Erkenntnisse dieser Arbeit sind: 

  

- Ein besseres Verständnis der Nutzer von „Big Earth data“ mit einem geographischen 

Schwerpunkt auf Europa und den USA & Kanada, in Bezug auf: (i) die Art der Daten, die sie 

nutzen, (ii) die Anwendungsbereiche, (iv) die Art und Weise, wie sie auf diese Daten 

zugreifen und diese verarbeiten sowie (v) die Herausforderungen, die durch die Verarbeitung 

dieser Daten entstehen 

 

- Ein besseres Verständnis (i) darüber, ob die Nutzer von „Big Earth data“ motiviert sind, in 

Zukunft auf Cloud-basierte Dienste umzusteigen sowie (ii) über existierende regionale und 

sektorale Unterschiede bei der Nutzung und Akzeptanz von Cloud-basierten Diensten 

 

- Fünf Leitprinzipien, um die Qualität und Anwendbarkeit von „Jupyter notebooks“ für 

Schulungen und Trainingskurse zu „Big Earth data“ zu verbessern 

 

Um einen besseren Einblick in die aktuellen und zukünftigen Anforderungen und 

Herausforderungen der Nutzer im Umgang mit „Big Earth data“ zu erhalten, wurde eine 

umfassende webbasierte Nutzerumfrage in zwei Zeiträumen durchgeführt: (i) von November 

2018 bis Januar 2019 und (ii) von April bis Mai 2019. Es wurden insgesamt 231 Antworten aus 

37 verschiedenen Ländern erhoben, wobei die meisten Befragten aus Mitteleuropa sowie den 

USA und Kanada kamen. Es wurden zwei Analyserunden durchgeführt. In der ersten 

Analyserunde lag der Schwerpunkt auf der Frage, wie die Nutzer von „Big Earth data“ derzeit 

auf die Daten zugreifen und sie verarbeiten und welchen Herausforderungen sie dabei 

gegenüberstehen. Daher wurde die Hypothese H1 wie folgt formuliert: 
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H1  Die wichtigsten Trends im Bereich von „Big Earth data“ führen zu großen 

Herausforderungen für die Nutzer bei der Suche, dem Zugang, der Interoperabilität und 

der Wiederverwendung dieser Daten, was wiederum zu einem nicht ausgeschöpften 

Nutzungspotenzial führt. 

 

In dieser Analyserunde wurden insbesondere Fragen zu folgenden Aspekten untersucht: (i) die 

spezifischen Datensätze die die Nutzer derzeit nutzen und in Zukunft nutzen möchten, (ii) die 

verwendeten Datenformate, (iii) die Art der Datenverarbeitung, (iv) die verwendeten Programme 

zur Datenverarbeitung, (v) die Datenzugriffssysteme sowie die Zufriedenheitsquote, (vi) die 

Anwendungsbereiche von „Big Earth data“ und (vii) die Herausforderungen welche die Nutzer 

mit den Daten haben (Kapitel 2). Zu den wichtigsten Ergebnissen dieser Analyserunde gehört, 

dass Nutzer zu einem Großteil die Daten noch Herunterladen auf lokale Rechner und dort auch 

verarbeiten, mithilfe von Programmiersprachen, überwiegend Python und R, sowie Desktop-

basierter Software. Die fünf größten Herausforderungen, die mehr als die Hälfte der Befragten 

als Hindernis bezeichneten, sind: (i) begrenzte Verarbeitungskapazitäten (63 %), (ii) wachsende 

Datenmengen (62 %), (iii) Daten werden auf nicht standardisierte Weise verbreitet (59 %), (iv) 

zu viele Datenplattformen und -portale (55 %) und (v) das Finden von Daten (53 %). Demnach 

stehen die fünf größten Herausforderungen alle im Zusammenhang mit dem "Finden", dem 

"Zugang" und der "Interoperabilität" von „Big Earth data“, was wiederum die 

Wiederverwendbarkeit der Daten behindert. Insgesamt deuten die Ergebnisse dieser 

Analyserunde darauf hin, dass wichtige Trends bezogen auf „Big Earth data“, wie z.B. die 

exponentielle Zunahme des Volumens und der Vielfalt der Daten und die Entwicklung 

nutzerzentrierter Plattformen, zu großen Herausforderungen für die Nutzer der Daten führen. Dies 

führt dazu, dass das Potenzial der verfügbaren Daten nicht vollständig ausgeschöpft ist und daher 

konnte die Hypothese H1 bestätigt werden. 

Eine zweite Analyserunde zielte darauf ab, die Anforderungen an (künftige) Cloud-

basierte Dienste zu analysieren, wobei der Schwerpunkt auf der Analyse möglicher regionaler 

und sektoraler Unterschiede lag. Dementsprechend wurde die Hypothese H2 wie folgt formuliert: 

 

H2  Die Nutzer großer Umweltdatensätze sind motiviert, in Zukunft auf Cloud-basierte 

Dienste umzusteigen. Jedoch werden regionale und sektorale Unterschiede sowie eine 

Abweichung zwischen den aktuellen Fähigkeiten der Nutzer und den für die Nutzung von 

Cloud-basierten Diensten erforderlichen Fähigkeiten erwartet. 

 

In dieser Auswertung wurden Fragen zu (i) der derzeitigen und künftigen Nutzung von 

Datensystemen, (ii) der Motivation zu Cloud-Diensten zukünftig zu migrieren, (iii) der Präferenz 

von Cloudanbietern, (iv) der Nutzung von Cloud-Diensten, (v) generelle Ansichten zu Cloud-

basierten Diensten, (vi) Sicherheitsaspekten von Cloud-Diensten, (vii) Beispielen von 

Datenverarbeitungsprozessen, die in der Cloud ausgeführt werden sollen, (viii) zu Cloud-

Kenntnissen und (ix) der Zahlungsbereitschaft für Cloud-Dienste analysiert (Kapitel 3). Zur 

Ermittlung möglicher Unterschiede und Präferenzen bei der Nutzung von Cloud-Diensten auf 

regionaler Ebene (zwischen Europa und den USA und Kanada) und zwischen verschiedenen 

Arbeitssektoren wurden statistische Signifikanztests in Form eines Chi-Quadrat-Tests und der 

Analyse von Residuen durchgeführt. Die wichtigsten Ergebnisse dieser Analyserunde waren, dass 

die Nutzer von „Big Earth data“ motiviert sind, zukünftig Cloud-basierte Dienste zu nutzen; mehr 

als 70 % der Befragten gaben an, an einer Migration interessiert zu sein. Allerdings gibt es sowohl 

regionale (zwischen Europa und den USA und Kanada) als auch sektorale Unterschiede, 

insbesondere in Bezug auf Datenzugang und die Präferenz von Cloudanbietern. Die Nutzung von 
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Cloud-basierten Diensten scheint in den USA und Kanada weiter fortgeschritten zu sein als in 

Europa. Etwa die Hälfte der Umfrageteilnehmer aus den USA und Kanada gab an, bereits Cloud-

basierte Dienste zu nutzen. Andererseits nutzen weniger Umfrageteilnehmer aus Europa bereits 

Cloud-basierte Dienste, aber mehr als die Hälfte zeigte ein Interesse an einer zukünftigen 

Nutzung. Darüber hinaus besteht ein signifikanter Unterschied zwischen den beiden 

geografischen Regionen in Bezug auf die Präferenz der Cloudanbieter. Die USA und Kanada 

werden positiv mit kommerziellen Cloud-Anbietern assoziiert, während Europa positiv mit 

öffentlich finanzierten Cloud-Diensten assoziiert wird. Beim Vergleich der Arbeitssektoren 

waren Cloud-basierte Dienste sowie Dienste zum Herunterladen von Daten die beiden 

Datenzugriffssysteme, die die Befragten aller Arbeitssektoren in Zukunft nutzen wollen. Die 

Befragten, die in der Wissenschaft tätig sind, zeigten jedoch einen auffallend hohen Bedarf an der 

Nutzung von Download-Diensten auch in der Zukunft. In Bezug auf Cloudanbietern wurden 

signifikante Unterschiede zwischen den Arbeitssektoren festgestellt. Öffentlich finanzierte 

Arbeitssektoren (Wissenschaft, öffentlicher Dienst, zwischenstaatliche Organisationen) wurden 

mit einer Präferenz für öffentlich finanzierte Cloud-Dienste in Verbindung gebracht, während die 

Befragten, die im privaten Sektor arbeiten, keine spezifische Präferenz aufzeigten. 

Die Ergebnisse zeigten ferner, dass eine breitere Akzeptanz von Cloud-basierten 

Diensten durch mangelndes Vertrauen in Bezug auf die Sicherheit und die entstehenden Kosten 

sowie durch unzureichende Kenntnisse in der Nutzung dieser Dienste behindert wird. Zwei von 

drei stuften Sicherheitsaspekte im Zusammenhang mit Datenschutzverletzungen oder der 

Nichtverfügbarkeit von Diensten als Risiko oder hohes Risiko ein, und die Hälfte der 

Umfrageteilnehmer zeigte eine Zahlungsbereitschaft für Cloud-Dienste, machte diese jedoch von 

den tatsächlichen Kosten abhängig. Darüber hinaus ergab die Umfrage eine Diskrepanz zwischen 

den derzeitigen Fähigkeiten der Nutzer und den für die Nutzung von Cloud-Diensten 

erforderlichen Kenntnissen. Nur eine von vier befragten Personen war in der Lage, die 

technischen Anforderungen für eine Cloud-basierte Verarbeitung zu spezifizieren. Demnach 

konnte auch die Hypothese H2 bestätigt werden. 

Eine der zentralen Schlussfolgerungen aus der Nutzerumfrage ist ein erhöhter Bedarf an 

Schulungen und Bildungsmaßnahmen, um den Nutzern von „Big Earth data“ die notwendigen 

Fähigkeiten für das Finden, den Zugriff und die Verarbeitung der Daten zu vermitteln. Auf diese 

Weise kann die Nutzung der Daten und Cloud-basierter Dienste verbessert werden. 

Dementsprechend wurde die Hypothese H3 wie folgt formuliert: 

 

H3  Jupyter Notebooks sind ein vielversprechendes Instrument, um Nutzer von „Big Earth 

data“ bei dem Finden, dem Zugriff und der Verarbeitung dieser Daten zu unterstützen. 

Jedoch sind generelle Leitprinzipien erforderlich, um die allgemeine Qualität von Jupyter 

Notebooks, insbesondere für datenbezogene Bildungsmaßnahmen, zu verbessern 

 

Datenorganisationen und Anbieter von Cloud-Diensten haben eine größere Verantwortung, die 

Nutzer von Big Earth data beim Aufbau der erforderlichen Cloud-Kompetenzen zu unterstützen 

und über bestehende und künftige Datenprodukte zu informieren. Daher wurde gemeinsam mit 

der Europäischen Organisation für die Nutzung meteorologischer Satelliten (EUMETSAT) ein 

Trainingskurs mit dem Namen „Learning Tool for Python (LTPy)“ zu satelliten- und 

modellbasierten Atmosphärendaten entwickelt (Kapitel 4). LTPy basiert auf Jupyter Notebooks 

und wurde speziell für Lernende entwickelt, die ein grundlegendes Verständnis von 

Erdbeobachtungsdaten haben, aber einen Überblick über die verfügbaren Daten und eine 

praktische Einführung zum Datenzugriff sowie in die Verarbeitung und Visualisierung der Daten 

benötigen. Bei der Entwicklung des Kurses wurden fünf Leitprinzipien angewandt, um die 
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allgemeine Qualität und Navigation der Notebooks zu verbessern sowie unterschiedliche Niveaus 

von Daten-, Themen- und Programmierkenntnissen zu berücksichtigen. Um die Leitprinzipien zu 

ermitteln, wurde eine Literaturrecherche zu anerkannten Best Practices zu „scientific computing“, 

„reproducibility“ und der allgemeinen Verwendung von Jupyter Notebooks durchgeführt und 

diejenigen ausgewählt, die in didaktischen Kontext anwendbar sind.  

Folgende fünf Leitprinzipien wurden ermittelt: (i) Ausschöpfung der Idee des 

„literarischen Programmierens“, um Jupyter Notebooks didaktischer zu gestalten, (ii) 

Verwendung von Elementen des didaktischen Designs, (iii) Befolgung der Best Practices für 

„scientific computing“, (iv) Nutzung weiterer Jupyter Dienste, um Kursinhalte besser zugänglich 

zu machen und (v) Streben nach „reproducibility“. Ein zentrales Ergebnis war, dass die unter 

LTPy entwickelten Notebooks dreimal mehr Markdown-Zellen (Text) als Code-Zellen 

aufweisen, was im Vergleich zu anderen Studien außergewöhnlich erscheint. Obwohl es keine 

definierten Mindeststandards für das Text/Code-Verhältnis von Jupyter Notebooks gibt, kann 

man zu dem Schluss kommen, dass ein Text/Code-Verhältnis von mindestens zwei ein gutes Indiz 

ist, um Notebooks didaktisch zu gestalten und die Idee des „literarischen Programmierens“ zu 

verfolgen. Zusammenfassend hat die Literaturrecherche ergeben, dass trotz der Tatsache, dass 

Jupyter-Notebooks vor allem in einem Bildungskontext eingesetzt werden, die Notebooks oft 

nicht den Best Practices für „scientific computing“, „reproducibility“ und allgemeine 

Verwendung von Jupyter Notebooks entsprechen. Die Verwendung von Jupyter Notebooks in 

einem Bildungskontext verstärkt jedoch die Verantwortung, qualitativ hochwertige Notebooks zu 

entwickeln, die diesen Best Practices folgen. Daher können die praktischen Umsetzungsbeispiele 

der fünf definierten Leitprinzipien dazu beitragen, die Gesamtqualität von Notebooks zu 

verbessern und diese didaktischer zu gestalten. Demnach kann auch Hypothese H3 bestätigt 

werden. 

Mögliche weitere Untersuchungen dieser Studie sind z.B. eine erneute Durchführung der 

Nutzerumfrage, die sich dann speziell an Big Earth data Nutzer aus Teilen der Welt richtet, die in 

der ersten Befragungsrunde nicht vertreten waren. Weiter kann die Umfrage alle drei bis vier 

Jahre wiederholt werden, um die sich ändernden Bedürfnisse und den Stand der Transformation 

der Datenlandschaft zu bewerten. Bezüglich Jupyter Notebooks, gibt es drei Bereiche für 

zukünftige Entwicklungen. Erstens könnte unter den Lernenden evaluiert werden, ob die 

eingeführten didaktischen Gestaltungselemente ihren Zweck erfüllen und die allgemeine 

Navigation in Notebooks verbessern. Zweitens könnten einige der Best Practices direkt in den 

Arbeitsablauf integriert werden, z. B. dass leere Zellen automatisch entfernt werden, wenn ein 

Notebook gespeichert wird. Drittens ist die Verwendung von Jupyter Notebooks im „Big Earth 

data“ Bereich noch am Anfang. Eine empirische Untersuchung unter Datennutzern, wie sie 

Notebooks verwenden, welche Vorteile sie suchen und welchen Herausforderungen sie bei der 

Verwendung von Jupyter-Tools gegenüberstehen, könnte dazu beitragen, die Verwendung von 

Jupyter Notebooks für „Big Earth data“ Trainingskurse und Schulungen zu verbessern. 
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Appendices 

Appendix A – Survey questionnaire and Ethics statement 

A.1 Survey questionnaire 
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A.2 Ethics Statement 

The survey was accompanied by an ‘Information on data privacy and usage’ statement which the 

respondents were required to give their consent to. The statement informed the respondents that 

the survey was anonymous and voluntary, and that the survey’s purpose was to find out how users 

working with large volumes of environmental data access, handle and process the data, what 

challenges they face and how they would like to work with future (cloud-based) data services. 

The respondents were further informed that the survey results may be published in scientific 

journals and presented at scientific conferences.  

 

To guarantee privacy, the survey data was collected by the web platform EUSurvey and analysed 

anonymously. No IP addresses were collected by the web platform and data aggregations were 

applied, e.g. built-in age groups, no gender category was used and built-in sector and employment 

categories. 
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Appendix B – Chapter 2 Supplementary Information 

B.1 Supplementary Figures 

 

 
 

Figure 1. Types of data users and data providers. Middle: Percentage of survey respondents that 

categorized themselves as either data user of provider. Top: Overview of absolute number of 

seven provided data user job roles. Bottom: Overview of absolute number of six provided data 

provider job roles. Eleven respondents saw themselves as other, as neither data user nor data 

provider and classified themselves e.g. as service or system providers, consultants, policy experts 

or educators. 

 

 

Figure 2. Type of data formats used most. Bars reflect the absolute numbers whereas as labels 

on top show the relative frequencies (%, n=231). 
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Figure 3. Satisfaction levels of data access systems. Five satisfaction levels were provided on a 

5-point Likert scale: (i) very satisfied, (ii) satisfied, (iii) neither satisfied nor satisfied, (iv) 

dissatisfied and (v) very dissatisfied. 

 

 

B.2 Supplementary Tables 

Table 1. Responses with ten or more mentions for country of residence of survey respondents. 

Country n % (n=231) 

Germany 53 23.0 

United States of America 34 14.7 

United Kingdom 21 9.0 

Italy 16 6.9 

Canada 13 5.6 

Spain 12 5.2 

Austria 10 4.3 

Other (less than 10 responses) 72 31.2 

 

Table 2. Distribution of age groups. Respondents could choose from six age groups provided. 

Age group n % (n=228) 

<= 20 2 0.9 

20-30 33 14.5 

30-40 103 45.2 

40-50 56 24.6 

50-60 30 13.2 

> 60 4 1.8 
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Table 3. Absolute and relative responses to the question: Would you invest time and resources to 

work with data in a complex or non-familiar format? Five options were given: (i) Yes, (ii) 

Depends, (iii) Tried, but gave up and (iv) Don’t know. 

 Yes Depends No Tried, but 

gave up 

Don’t know 

n 156 47 12 8 7 

% (n=231) 67.5 20.3 5.2 3.5 3 

 

Table 4. Average rating of five statements related to data handling and processing (min=1, 

max=5) 

Statement I need to 

combine 

different 

data 

sources 

I produce 

value-added 

products 

based on 

open 

datasets 

I have to 

share my 

results 

with 

third 

parties 

Parallelisation 

of my 

processing 

tasks is crucial 

for the data 

analyses I do 

I simply 

consume open 

data, 

generating 

statistics or a 

report 

n 

Rating 

mean 

4.6 4.0 3.7 3.5 2.4 231 
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Appendix C – Chapter 4 Supplementary Information 

C.1 Supplementary Figures 

 

 

Figure 1. Rating by training participants (n = 111) whether they would recommend the training 

to a friend/colleague. Rating levels were from 1 (low) to 5 (high). Bars indicate absolute numbers, 

labels on top indicate relative frequencies in %. 

 

 

 

Figure 2. Responses to the question ‘What type of information would help you in using a specific 

dataset?’ (n = 196). Bars indicate absolute numbers, labels on the right indicate relative 

frequencies in %. 
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C.2 Supplementary Tables 

 

Table 1. Overview of satellite- and model-based products featured in the LTPy main course. 

Satellite-Based Products 

Satellite Instrument Data Product(s) 

Metop series (consists of three 

satellites: Metop-A, -B, -C) 

Global Ozone Monitoring 

Experiment-2 (GOME-2) 

Absorbing Aerosol Index 

(AAI) 

Absorbing Aerosol Height 

(AAH) 

Tropospheric Nitrogen Dioxide 

(NO2) 

Metop series (consists of three 

satellites: Metop-A, -B, -C) 

Infrared Atmospheric  

Sounding Interferometer (IASI) 

Carbon Monoxide 

Ammonia (NH3) 

Sentinel-5 Precursor  

(Sentinel-5P) 

TROPOspheric Monitoring 

Instrument (TROPOMI) 

Carbon Monoxide (CO) 

Ultraviolet Aerosol Index 

(UVAI) 

Sentinel-3 
Ocean and Land Colour  

Instrument (OLCI) 

Level 1 RGB True- and False-

Color composites 

Sentinel-3 

Sea and Land Surface  

Temperature Radiometer 

(SLSTR) 

Fire Radiative Power (FRP) 

Aerosol Optical Depth (AOD) 

Metop series (consists of three 

satellites: Metop-A, -B, -C) 

GOME-2, IASI, Advance Very 

High Resolution  

Radiometer (AVHRR) 

Polar Multi-Sensor Aerosol 

Optical Properties (PMAp) 

Aerosol Optical Depth (AOD) 

Model-based products 

Operational service Product type Data variable(s) 

Copernicus Atmospheric 

Monitoring Service (CAMS) 

Global Fire Assimilation  

System (GFAS) 
Fire Radiative Power (FRP) 

Copernicus Atmospheric 

Monitoring Service (CAMS) 
Global reanalysis (EAC4) 

Organic Matter Aerosol 

Optical Depth (OMAOD) 

Ozone (O3) 

Copernicus Atmospheric 

Monitoring Service (CAMS) 

Global atmospheric  

composition forecasts 
Dust Aerosol Optical Depth 

Copernicus Atmospheric 

Monitoring Service (CAMS) 

European air quality  

forecasts 

Dust concentration 

Nitrogen Dioxide (NO2) 

Copernicus Emergency 

Management Service (CEMS) 

Global ECMWF Fire  

Forecast (GEFF) 
Fire Weather Index (FWI) 
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Table 2. Overview of satellite-, model- and ground-based products featured in the thematic 

module on dust monitoring and forecasting. 

Satellite-Based Products 

Satellite Instrument Data Product(s) 

Metop series (consists of three 

satellites: Metop-A, -B, -C) 

Global Ozone Monitoring 

Experiment-2 (GOME-2) 
Absorbing Aerosol Index (AAI) 

Sentinel-5 Precursor  

(Sentinel-5P) 

TROPOspheric Monitoring 

Instrument (TROPOMI) 

Ultraviolet Aerosol Index 

(UVAI) 

Metop series (consists of three 

satellites: Metop-A, -B, -C) 

GOME-2, IASI, Advanced 

Very High Resolution  

Radiometer (AVHRR) 

Polar Multi-Sensor Aerosol 

Optical Properties (PMAp) 

Aerosol Optical Depth (AOD) 

Meteosat Second Generation 
Spinning Enhance Visible and 

InfraRed Image (SEVIRI) 

Level 1 RGB True- and False-

Color composites 

Terra and Aqua 

Moderate Resolution  

Imaging Spectroradiometer 

(MODIS) 

Level 1 RGB True- and False- 

Color composites 

Aerosol Optical Depth (AOD) 

Model-based products 

Operational service Product type Data variable(s) 

Copernicus Atmosphere 

Monitoring Service (CAMS) 

Global atmospheric  

composition forecasts 
Dust Aerosol Optical Depth  

Copernicus Atmosphere 

Monitoring Service (CAMS) 

European air quality  

forecasts 
Dust concentration 

Barcelona Dust Regional 

Center 

Regional dust forecasts for 

Northern Africa,  

Middle East and Europe 

Dust Aerosol Optical Depth 

Ground-based products 

Data service Ground-based sensor Data variable(s) 

Aerosol Robotic NETwork Sun photometer 

Aerosol Optical Depth 

Angstrom Exponent  

Coefficient 

European Aerosol Research 

Lidar Network (EARLINET) 
Lidar Vertical backscatter profile 

European Environment Agency 

(EEA) Air Quality Data 
Particulate Matter Sensor 

Particulate Matter 2.5 (PM2.5) 

Particulate Matter 10 (PM10) 
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Table 3. Categories built based on the open response question ‘What did you specifically enjoy 

or find useful in the session?” (n = 105). Note: some responses could be categorized into two 

categories. 

Category n % Example Responses 

Practical session in 

general, including 

introduction to Jupyter 

notebooks 

57 54.3 

• I enjoyed the step by step demonstration and 

follow up session. The instructors were able 

to go through all the questions and gave us 

hints for the functions and plotting. 

• Clear, well organized and very useful training 

environment. 

• Systematic step-wise process to get a 

visualized output with clear working code and 

functions 

• The potentials that Jupyter offers. 

• The practical session. Very useful to go 

through already available code. 

Introduction to 

atmospheric composition 

thematic and data, 

including scientific 

lectures 

36 34.3 

• It has been a new concept for me as I am not 

an atmospheric scientist but I do have a 

remote sensing background from 

environmental sciences. 

• Great presentations on variety of perspectives 

and useful cases—inspiring. 

• It was quite enlightening. Good to know about 

the variety of datasets available with regards 

to air pollution monitoring. 

• I found the whole topic very interesting and 

important regarding my research. 

Course structure, content  

and organization 
23 21.9 

• I enjoyed the presentation and the content. 

• All the information and discussions were very 

good. 

 

Table 4. Categories of responses to the question ‘What should we do differently next time?’ (n = 

92). Categories on the left have four or more mentions, with the first category (Extension of 

practical training part) being by far the most mentioned suggestion (n = 27). Others had four or 

five mentions. Categories on the right were mentioned less than four times but are considered as 

useful suggestions. 

Categories with Four or More Mentions Categories with Less than Four Mentions 

• Extension of the practical training, 

including daily assignments and 

start workflows  

from downloading datasets 

• More breaks during the practical 

training, including more time for 

introducing the  

Jupyter-based training platform and  

explaining Python code principles 

• Preference for in-person training 

• More scientific depth and inter- 

connections of the atmospheric 

composition topic 

• Provide more references to books,  

articles and data documentation 

• Provide presentations and practical  

training content in beforehand 

• More time for Q&A and provide  

written answers to questions 

• Provide a space for offline  

• discussions after the training course 

• Offer separate introduction to  

Python/Jupyter notebooks/xarray 

• Inform about the level of difficulty  

of the practical part in beforehand 

• Provide more trainers for practical 

part 
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Table 5. Overview of notebooks that are part of the LTPy main course and, for each notebook, the number of cells in total, number of markdown cells, number 

of code cells and the markdown/code ratio are listed. 

No. Notebook Title 
No. of Cells 

(Total) 

No. of Cells 

(Markdown) 

No. of Cells 

(Code) 

Ratio (Markdown 

/Code) 

Section I—Data access 

1.1 Atmospheric composition data—Overview and data access 95 93 2 46.5 

1.2 WEkEO Harmonized data access (HDA) API 55 40 15 2.7 

Section II—Data exploration 

2.1.1 AC SAF Metop-A GOME-2—Tropospheric NO2—Level 2—Load and browse  52 40 12 3.3 

2.1.2 AC SAF Metop-A/B GOME-2—Tropospheric NO2—Level 2—Pre-process 72 52 20 2.6 

2.1.3 AC SAF Metop-A/B GOME-2—Tropospheric NO2- Level 3—Load and browse 38 29 9 3.2 

2.1.4 
AC SAF Metop-A/B/C GOME-2—Absorbing Aerosol Index—Level 3—Load and 

browse 
54 39 15 2.6 

2.1.5 
AC SAF Metop-A/B/C GOME-2—Absorbing Aerosol Height—Level 2—Load and 

browse 
59 46 13 3.5 

2.2.1 
Polar Multi-Sensor Aerosol Optical Properties (PMAp)—Aerosol Optical Depth—

Level 2—Load and browse 
41 32 9 3.6 

2.3.1 Metop-A/B IASI—Ammonia (NH3)—Level 2—Load and browse 55 40 15 2.7 

2.3.2 Metop-A/B IASI—Carbon Monoxide—Level 2—Load and browse 68 48 20 2.4 

2.4.1 Sentinel-5P TROPOMI—Carbon Monoxide—Level 2—Load and browse 47 35 12 2.9 

2.4.2 Sentinel-5P TROPOMI—Ultraviolet Aerosol Index—Level 2—Load and browse 40 32 8 4.0 

2.5.1 Sentinel-3 OLCI—Radiances—Level 1—Load and browse 77 52 25 2.1 

2.5.2 Sentinel-3 SLSTR NRT—Fire Radiative Power (FRP)—Level 2—Load and browse 84 56 28 2.0 

2.5.3 Sentinel-3 SLSTR NRT—Aerosol Optical Depth (AOD)—Level 2—Load and browse 31 25 6 4.2 

2.6.1 
CAMS Global reanalysis (EAC4)—Organic Matter Aerosol Optical Depth—Load and 

browse 
61 42 19 2.2 

2.6.2 
CAMS Global Fire Assimilation System (GFAS)—Fire Radiative Power—Load and 

browse 
33 25 8 3.1 

2.6.3 CAMS Global Forecast—Dust Aerosol Optical Depth—Load and browse 60 43 17 2.5 

2.6.4 CAMS European air quality forecast—Dust Concentration—Load and browse 64 46 18 2.6 

2.6.5 European air quality forecast—Nitrogen Dioxide—Load and browse 63 45 18 2.5 

2.7.1 CEMS Global ECMWF Fire Forecast—Fire Weather Index—Load and browse 87 63 24 2.6 
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2.7.2 
CEMS Global ECMWF Fire Forecast—Fire Weather Index—Harmonized Danger 

Classes 
36 29 7 4.1 

2.7.3 CEMS Global ECMWF Fire Forecast—Fire Weather Index—Custom Danger Classes 61 41 20 2.1 

Section III—Case studies 

3.1.0 Case study—Siberian fires 2021—Multi-data 110 77 33 2.3 

3.1.1 Case study—Amazon fires 2019—Multi-data 73 50 23 2.2 

3.1.2 Case study—Siberian fires 2019—Multi-data 119 82 37 2.2 

3.1.3 Case study—Californian fires 2020—Multi-data 160 113 47 2.4 

3.1.4 Case study—Chernobyl fires 2020—Sentinel-3 SLSTR NRT—Fire Radiative Power 82 56 26 2.2 

3.1.5 Case study—Californian fires 2020—Sentinel-3 SLSTR NRT—Fire Radiative Power 81 55 26 2.1 

3.1.6 Case study—Californian fires 2020—Sentinel-3 SLSTR NRT—Aerosol Optical Depth 31 25 6 4.2 

3.1.7 Case study—Indonesian fires 2015—Multi-data 148 106 42 2.5 

3.1.8 Case study—Indonesian fires 2020—Multi-data 93 67 26 2.6 

3.1.9 Case study—Portugal fires 2020—Multi-data 205 145 60 2.4 

3.2.1 
Case study—Map and time-series analysis—AC SAF Metop-A/B GOME-2—

Tropospheric NO2 
43 33 10 3.3 

3.2.2 
Case study—Produce gridded dataset—AC SAF Metop-A/B GOME-2—Tropospheric 

NO2 
71 51 20 2.6 

3.2.3 
Case study—Create an anomaly map—Europe—AC SAF Metop-A/B GOME-2—

Tropospheric NO2 
122 83 39 2.1 

3.2.4 
Case study—Time-series analysis—Europe—AC SAF Metop-A/B GOME-2—

Tropospheric NO2 
63 45 18 2.5 

3.2.5 
Case study—Create an anomaly map—Europe—Sentinel-5P TROPOMI—

Tropospheric NO2 
57 41 16 2.6 

3.2.6 
Case study—Time-series analysis—Europe—Sentinel-5P TROPOMI—Tropospheric 

NO 
58 44 14 3.1 

3.3.1 Case study—Antarctic ozone hole 2019—Multi-data 76 51 25 2.0 

3.3.2 Case study—Antarctic ozone hole 2019—CAMS animation 31 24 7 3.4 

3.3.3 Case study—Antarctic ozone hole 2020—AC SAF Metop-A/B/C GOME-2 Level 2 86 63 23 2.7 

3.3.4 Case study—Arctic ozone hole 2020—Metop-A/B/C IASI Level 2 84 63 21 3.0 

3.3.5 Case study—Arctic ozone hole 2020—CAMS Reanalysis (EAC4) 36 28 8 3.5 

Section IV—Exercises 

4.1.1 Exercise—Sentinel-5P TROPOMI—Carbon Monoxide—Level 2 82 62 20 3.0 
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4.2.1 Exercise—Sentinel-3 OLCI—Radiances—Level 1 97 73 24 3.0 

4.2.2 Exercise—Sentinel-3 SLSTR NRT—Fire Radiative Power 85 63 22 3.0 

4.2.3 Exercise—Sentinel-3 SLSTR NRT—Aerosol Optical Depth 54 43 11 4.0 

4.3.1 Exercise—CAMS Global Reanalysis (EAC4)—Total Column Carbon Monoxide 59 47 12 4.0 

4.4.1 Exercise—AC SAF Metop-A/B/C GOME-2—Ozone 125 95 30 3.0 

4.4.2 Exercise—Metop-A/B/C IASI—Ozone 107 80 27 3.0 
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Table 6. Overview of notebooks that are part of the thematic module on dust monitoring and forecasting and for each notebook the number of cells in total, 

number of markdown cells, number of code cells and the markdown/code ratio is listed. 

No. Notebook Title 
# of Cells 

(Total) 

No. of Cells 

(Markdown) 

No. of Cells 

(Code) 

Ratio 

(Markdown/Code) 

Section I—Observations—Satellite data 

1.1.1 Meteosat Second Generation SEVIRI—True color and dust RGB—Level 1 101 74 27 2.7 

1.1.2 MODIS—True color and dust RGB—Level 1B 80 60 20 3.0 

1.1.3 Sentinel-5P TROPOMI—Ultraviolet Aerosol Index—Level 2 48 36 12 3.0 

1.1.4 MODIS—10 km aerosol product—Level 2 49 38 11 3.5 

1.1.5 Polar Multi-Sensor Aerosol Optical Properties (PMAp) Product—Aerosol Optical 

Depth—Level 2 
50 39 11 3.5 

1.1.6 Metop-ABC GOME-2—Absorbing Aerosol Index—Level 3 64 49 15 3.3 

 Section I—Observations—Ground-based data     

1.2.1 AERONET—AErosol RObotic NETwork 67 53 14 3.8 

1.2.2 European Aerosol Research Lidar Network (EARLINET)—Backscatter profiles 37 30 7 4.3 

1.2.3 European Environment Agency Air Quality Data 48 36 12 3.0 

Section II—Model forecasts 

2.1 CAMS global atmospheric composition forecast—Dust Aerosol Optical Depth 74 53 21 2.5 

2.2 CAMS European Air Quality Forecasts—Dust concentration 74 54 20 2.7 

2.3 WMO SDS-WAS MONARCH—Dust Forecast 46 34 12 2.8 

Section III—Practical case study 

3.1 Exercise 01 

Exercise 01—Solution 

21 

77 

17 

56 

4 

21 

4.3 

2.7 

3.2 Exercise 02  

Exercise 02—Solution 

30 

73 

23 

52 

7 

21 

3.3 

2.5 

3.3 Exercise 03 

Exercise 03—Solution 

31 

66 

24 

49 

7 

17 

3.4 

2.9 

3.4 Exercise 04 

Exercise 04—Solution 

28 

76 

22 

54 

6 

22 

3.7 

2.5 

3.5 Exercise 05 

Exercise 05—Solution 

21 

57 

17 

43 

4 

14 

4.3 

3.1 
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