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Executive summary 
Artificial Intelligence (AI) has been consistently gaining ground as one of the main enablers in our attempts 
to address modern socio-economic problems. Machine Learning (ML) and Deep Learning (DL) models and 
architectures are continuously being developed, refined and becoming more sophisticated towards achieving 
the corresponding goals through enabling informed decision making. However, in order for these complex 
models to be trained appropriately, large amounts of data have to be available, compatible with the domain 
of application and annotated with labels of certain quality. 

While more and more data sources are becoming available, there are certain challenges around their 
exploitation, which relate to various steps between their acquisition and eventual use for model training. 
Such steps, among many others, are around locating the data sources, transforming the data in order to bring 
them to a format that is useful for the downstream application at hand, and annotating the data with quality 
labels so that supervised AI methods can be applied. Also, fusion of different data sources is another 
important process that can lead to tangible benefits around the potential capabilities of AI. For example, they 
can result to the generation of annotations and to the enhancement of feature spaces, increasing the volume 
of annotated data to be used for training. All such enhancements can act as enablers for the training of DL 
state-of-the-art models. 

Annotated data availability, though, is not a given. In fact, it is one of the main concerns that researchers and 
developers have to manage in order to be able to build their AI pipelines[1]. 

CALLISTO is undertaking the responsibility of addressing these concerns around annotated data availability 
for the thematic areas that are the subjects of the project’s Pilot Use Cases (PUCs), i.e., the monitoring of the 
Common Agricultural Policy (CAP), water quality assessment, satellite journalism and land border change 
detection. This responsibility for data availability is covered through: 

 The collection of available data sources, and 

 The generation of new annotated data collections with the application of DL , data fusion and photo-
interpretation 

 

In addition, CALLISTO aims to engage the community of researchers and trigger innovation by: 

 Creating an open-access data repository that is focused on AI for Copernicus and the thematic areas 
of the CALLISTO PUCs 

 Mapping datasets included in the repository to papers and implementations that are compatible but 
have not previously been used together 

 

This document constitutes deliverable D4.1, “Data availability for AI models and quality of annotated data 
v1”. It presents the activities, research and implementations that have been carried out up to project month 
15 (May 2022), in order to tackle the aforementioned challenges. All related work is in the context of Work 
Package 4 (WP4), “Machine Learning Technologies in Copernicus Data Streams” and, specifically, of task T4.1 
“Data availability for AI models and quality of annotated data using unsupervised learning”. 

The National Observatory of Athens (NOA) is the lead beneficiary for D4.1. Contributing partners for this first 
version of the deliverable are the Centre for Research and Technology Hellas (CERTH) and the Korean 
University (KU). 
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A second version is to follow, through deliverable D4.4, “Data availability for AI models and quality of 
annotated data v2”, which is due on project month 32 (June 2023).  
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1. Introduction 
1.1. Purpose and Scope 
This document provides a detailed walkthrough on the activities undertaken in the context of T4.1 up to 
CALLISTO project month 15. The aim of these activities is to understand the data needs and ensure their 
availability for the training purposes of the Machine Learning (ML) and Deep Learning (DL) technologies 
developed within the tasks of WP4 and according to the needs of the project’s PUCs. 

Partners with a significant involvement in T4.1, i.e., NOA, CERTH and KU, have been closely collaborating 
throughout the reported period for data needs identification and for the development of relevant 
implementations to generate annotated data. During the first months of the project, collaborations also 
included the rest of the WP4 contributors that are developing ML/DL technologies but are not directly 
involved in T4.1, i.e., DRAXIS and RBINS. 

All these activities for data needs identification, implementations for annotated data generation, and the 
creation of the CALLISTO repository, are being presented in this document. Extended focus is put on the 
actual generation of annotated data and the methodologies behind each with the main driver being the 
production of analysis ready and benchmarking datasets, that can assist in training and evaluation of ML 
and DL methodologies. A roadmap and future steps around the enhancements and improvements for each 
of the already generated data are also shared, as well as the anticipated future steps for T4.1 as a whole, 
ahead of the second version of this deliverable (D4.4) which is due on M32. 

The implementations and actions so far, have already led to the generation of 3 annotated datasets, while 
more are expected to come in the short/medium term. This number already meets the lowest expectation 
for the relevant CALLISTO KPI, requiring the “Number of new annotated data collections in the CALLISTO 
repository” to be at least 3. The high-end expectation for this particular KPI is a total of 5 generated annotated 
datasets, which is expected to be achieved and surpassed by the end of the current (2nd) year of the project. 

 

1.2. Document Structure 
The document is organised as follows: 

 Preamble - Executive Summary, References and Acronyms 

 Section 1 - Introduction 

 Section 2 - Data Collection & Data Needs Identification — Describes the activities around the 
collection of existing data sources and identification of data needs by the WP4 task leaders and 
partners 

 Section 3 - CALLISTO Generated Datasets — Presents the details for data acquisition and 
implementation methodology to generate each of the new annotated datasets 

 Section 4 - CALLISTO Repository — Highlights the selection of the platform hosting the CALLISTO data 
repository, along with details around its structure, maintenance, innovation and anticipated impact 
to the community 

 Section 5 – Future Work – An overview of the next steps and overall roadmap for task T4.1 and the 
corresponding activities ahead of the 2nd version of the deliverable (D4.4) 

 Section 6 - Conclusion 
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 Section 7 - Annex 
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2. Data Collection & Data Needs Identification 
Data availability is the main enabler for the application of Artificial Intelligence (AI) towards tackling the 
modern socio-economic problems. It is a requirement of paramount importance in order for ML/DL models 
to be trained. CALLISTO, aims to aid towards meeting this requirement, starting from the thematic areas of 
the project’s Pilot Use Cases (PUCs). In addition, the CALLISTO outputs also aim to further expand its impact 
to the more general AI for EO community with particular focus on AI for Copernicus. 

The process of identifying data needs within the CALLISTO project was mainly targeting partners leading or 
contributing to WP4 tasks, as they are the ones with the explicit focus on AI technologies with a direct 
association to the project’s PUCs. During the first months, bilateral discussions were held between 
contributing partners of T4.1, and questionnaires for the rest of the WP4 task leaders were shared. 

As data availability and data needs are closely interconnected, it was also considered important that WP4 
partners should collaborate on collecting and sharing existing data sources known and used by each. 

Thus, through the actions described in this section, the goal is to: 

 Understand the ML/DL implementations that are being planned or anticipated by each WP4 partner 
in the context of their contributions to the tasks and the PUCs they are involved with 

 Record and track any data that are available to each partner and are already being used for the training 
of ML/DL models, or are potential candidates for such use 

 Identify particularities in the available data and issues that could become candidates for handling 
within T4.1 

 Obtain visibility around the existence of labels for the already available datasets, as well as around the 
quality of those labels 

 Extract new data requirements / needs which will also become potential candidates for the data 
generation activities within T4.1 

 

2.1. Collecting existing data sources 

It is a common occurrence in such collaborations between partners developing ML/DL applications, that 
datasets available/known to one, could be useful to the others too. However, these datasets may not be 
widely known, may not be openly accessible, or they can have a relation to more fields of application that is 
not straightforward to understand by the interested parties. Thus, a large amount of available data can go 
unnoticed if not brought to the attention of the researchers/developers of a particular domain, together with 
accompanying description and documentation on their use. 

This common occurrence is what was regarded as a good starting point for the WP4 and T4.1 contributors to 
work on. Thus, discussions were initiated during project M2 between partners, and it was agreed that a 
common document should become available for collective editing on the cloud. Each partner submitted data 
sources known to them in that document, along with a description for each, links to access and download, 
recommendations for use, representative images when possible and relevant papers and implementations 
when available. 

For the actual document, the Google Docs platform was selected, and the collaboration resulted in the 
recording of around 60 datasets and data collections relevant to the CALLISTO thematic areas. These 
contributions paved the way for the CALLISTO repository — described later in this deliverable — as the 
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datasets collected were subsequently included in it, and the descriptions provided were also used to 
accompany them, providing a quick and brief overview to the interested parties. The papers and 
implementations that also come with some of these datasets are another contributing factor to the intended 
innovation triggering that will be described later on in this document. 

2.2. Questionnaires on Data Needs 

Addressing the objectives of T4.1 is connected to both data collection, as well as annotated data generation 
according to the needs of the PUCs and the CALLISTO project overall. In contrast to data collection, data 
generation requires significant effort in order to better understand the needs for each activity within the 
project that aims to utilize ML and DL technologies. This effort is occurring from the prerequisite to analyze 
the literature and understand where is the state of the art for the problem/task at hand, to become aware 
of the existence of the relevant data sources, to identify the current shortcomings and performance 
bottlenecks for the methodologies attempting to address the formulated problem and to become able to 
devise the appropriate methods for generating data that will be useful and capable to further progress state 
of the art. 

In order to acquire the necessary understanding, NOA prepared a relevant questionnaire during project 
month M3, which was mainly targeted towards partners of WP4 who are expected to develop ML/DL 
methodologies but are not directly involved in T4.1. The template questionnaire and the collected responses 
from the partners can be found at the Annexes of the current document. The included questions were 
focused on the ML/DL technologies to be developed, the data needs that are certain or anticipated to be 
used for training, their status in regards to annotation, their availability, and issues that are impacting their 
acquisition and use. 

In particular, the topics covered by the questionnaire are the following: 

 Description of algorithms and data products 

 Required input data for those algorithms 

 Sources for the input data 

 Annotated data/ground truth required for the algorithms 

 Sources for the annotated/ground truth data 

 Issues and/or limitations for the annotated/ground truth data 

 Requirements based on the issues and/or limitations 

 Existing data annotation, data augmentation, quality control algorithms and processes that are 
currently used 

 Mentioning any other source that appears to solve these issues but it is not known how and/or they 
haven't yet been exploited 

Responses were collected from NOA, RBINS and DRAXIS. It is expected that a re-evaluation of the data needs 
for the WP4 partners, pertinent to the corresponding PUCs will take place in the following period, in order to 
re-adjust the focus of the activities for data generation where needed. Following is a brief overview of the 
provided information by each of the partners for the first round of data needs identification. 

2.2.1.NOA - Overview of responses 

There are 2 main ML/DL-related outputs for NOA in regards to PUC1, “Edge Computing and Virtual Presence 
for the monitoring of CAP”. These are: 
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 Crop Classification 

 Grassland Outlier Detection 

Crop classification refers to the identification of the cultivated crop types for agricultural parcels, so that the 
allocations of the subsidies can be justified and verified against deviations. Grassland outlier detection can 
be regarded as a special case of crop classification. NOA is aiming to implement Deep Learning architectures 
for these 2 outputs, like Multi-Layer Perceptrons (MLPs) and Convolutional Recurrent Neural Networks 
(CRNNs), which require large volumes of data for training. 

Table 1, summarizes the data to be used for the training of the ML/DL models and the corresponding sources 
to find them. Also, issues and needs for each that have already been identified are shared. 

Table 1 Summary of NOA responses 

NOA data sources, issues & needs 

Data Type Data Sources Issues and Needs 

Satellite 
Imagery 

Copernicus Access 
Hub 

Issues 
• No particular issues 
• Availability for Sentinel data for previous ~6 years 
 
Needs 
N/A (for now) 

CSC DAP 

Issues 
• Limited quota availability — Shared with project partners 
• Compromises will need to be made for all to get fair and appropriate 

share 
 
Needs 
• Quota adjustments (archive/new acquisitions) 
• Mutual compromise between partners 

Street-
level 
imagery 

Mapillary 

Issues 
• Mapillary subscription pending 
• Uncertainty of roadmap after acquisition by Facebook 
• Image segmentation supports a limited set of tags and elements that 

are automatically detected. Vegetation is recognised but nothing 
more specific 

• Limitations on revisit frequency 
 
Needs 
• Investigate on the Mapillary API to fully understand what it can offer 

and what are its limitations 
• Follow up on API updates for python libraries (major update 

expected) 
• Subscribe to the shape of Cyprus 
• Set up field campaigns in Cyprus 
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Google Earth Pro & 
other domestic 
street-view services 

Issues 

 Limitations on revisit frequency 

Needs 
N/A for now 

Geotagged 
photos 

CALLISTO mobile 
application 

Issues 
• Engagement for the use of the CALLISTO mobile application 
 
Needs 
• Contact farmer associations and Paying Agencies that are interested 

(Netherlands and Cyprus) regarding engagement and use of the 
mobile application 

UAV imagery 

Issues 
• UAVs have a certain capacity for flight time depending on their 

hardware (sensors, GPUs, etc) 
• UAVs may have to be in line of sight during their flight based on 

regulations. Otherwise, certain certifications for flights with no visual 
contact may be needed, but are not easy to acquire 

• Covid-19 related limitations may pose a risk on the equipment that 
will need to be ordered and on its timely delivery 

 
Needs 
• Inference at the edge to be clarified further as it will strongly impact 

the final design and power requirements (and, thus, the UAV range) 

Parcel 
geometries 
& crop 
type labels 

Cypriot and Dutch 
PAs 

Issues 
• LPIS become available late in the growing season 
• LPIS of Cyprus not openly accessible 
• Validity of labels depends on the farmers’ declarations  
 
Needs 
• Request permission for the use of Cyprus LPIS 

 

Actions and outputs of the work and activities of task T4.1 up to now have been in the direction of addressing 
common issues with data availability for PUC1 and CAP monitoring. Particular focus has been put in the 
street-level imagery availability for the areas of interest as a methodology was developed for their acquisition 
and matching with LPIS data, and field campaigns have been setup in Cyprus where limited to none such 
imagery was available. The Annotated Street-Level Images dataset which has been generated and is 
presented in later sections, is addressing ground coverage and is enabling not only photointerpretation and 
transparent dispute resolution, but also the training of DL models on street-level imagery, as the volume of 
acquired data is becoming sufficient for this purpose.  

Also, it is worth mentioning that another dataset will be shortly generated related to another important issue 
which was not reflected in the first data needs evaluation round. It is related to the impact of clouds on 
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satellite imagery, using Cycle GANs on SAR and optical images. The methodology for this activity is also 
presented in later sections. 

 

2.2.2.RBINS - Overview of responses 

For RBINS, there are 2 outputs to be developed, which are targeted mainly towards the needs of PUC2, 
“Virtual presence in water resources for water quality assessment using EO and in-situ data”. They are: 

 Atmospheric correction for inland waters 

 Water quality products 

In regards to Atmospheric Correction (AC), the scope of the implementations refers to the consideration of 
the measurement impact that originates from contamination of adjacency effect — ie. the light reflected by 
nearby land within the field of view of the sensor — and the sun glint. Both are particularly evident at high 
spatial resolution. 

Water quality products, refer to the monitoring of Chlorophyll-a (Chl-a) concentration, Total Suspended 
Matter (SPM) and turbidity in inland waters for applications like eutrophication monitoring [1] through the 
use of satellite data. Presence-absence of harmful algal blooms with in situ data will also be monitored and 
detection of algal blooms on EO satellite images using ML technologies will be attempted. RBINS will be 
developing both ML models and non-ML methodologies and improvements to existing algorithms in order 
to counter the effects of the atmosphere, light reflectance from pixels adjacent to the water surface and sun 
glint. Table 2, summarizes the data to be used for the relevant implementations and the corresponding 
sources to find them. Issues and needs already identified for each are also mentioned, based on the 
questionnaire feedback. 

Table 2 Summary of RBINS responses 

RBINS data sources, issues & needs 

Data Type Data Sources Issues and Needs 

Satellite 
Imagery 
 
(Sentinel, 
Landsat, 
other 
Copernicus 
VHR) 

Sentinel API, 
CREODIAS, 
ONDA (?) 

Issues 
• Availability of satellite data can be heavily impacted by cloud cover 
 
Needs 
• Temporal overlap between satellite data and sampling data 
• Spatial variability — Merge with point-specific hyperspectral in situ 

measurements 
• Temporal variability — Merge satellite data with high temporal 

hyperspectral in situ measurements 
• Convert multispectral satellite data to hyperspectral 

Earth Explorer, 
REMSEM/RBINS 
operational 
processor, 
PlanetScope, 
Pleiades 
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Hyperspect
ral in-situ 

Waterhypernet, 
ONDA (?) 

Issues 
• In-situ data for validation of atmospheric correction are only 

available for Blankaart, not for Turin Lagoon 
 
Needs 
• Temporal overlap between in-situ data and sampling data 
• Spatial variability — Merge hourly in-situ data with weekly satellite 

data 
• Hyperspectral data are required for pigment presence detection. 

Satellite data are multispectral, so ML/DL methods are to be 
considered to convert from multispectral to hyperspectral. 

• Provision of high temporal, spatially variable hyperspectral data for 
the detection of algal blooms 

Sampling 
data 

CALLISTO partners 
(DWG and SMAT) 

Issues 
N/A 
 
Needs 
• Spatial variability — Merge sampling data with hyperspectral in situ 

measurements 
• Use grab sampling data for satellite validation over Turin Lagoon 

RBINS have specifically reported the impact of cloud cover on satellite data. As was also mentioned in the 
previous sub-section, a methodology for filling cloud-induced gaps is in progress using DL on SAR and optical 
image pairs. The outputs of this pipeline is expected to address both needs of PUC1, PUC2 and PUC4, with 
the potential to be also applied for PUC, by training the corresponding models on the appropriate image 
categories (currently focused on agricultural scenes). 

2.2.3.DRAXIS - Overview of responses 

The main result to be developed is an Air Quality (AQ) forecasting Machine Learning model, which is 
especially targeted towards the needs of PUC2. In particular, DRAXIS will produce a Machine Learning 
algorithm that can forecast the levels of outdoor air pollution in PUC2 AOIs. The output of this model is a 
forecast of the concentration of various pollutants supported by the available data. 

A summary of the data requirements, issues and needs is presented Table 3, according to DRAXIS’ feedback 
on the data needs questionnaire: 

Table 3 Summary of DRAXIS responses 

DRAXIS data sources, issues & needs 

Data Type Data Sources Issues and Needs 

DRAXIS AQHUB Issues 
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Air 
Pollution 
Levels & 
Air Quality 
(actual 
historical & 
predictive 
historical 
data) 

CAMS 

• There is an abundance of AQHub air quality data which are 
representative and frequent. However, there are no independent 
variables in the dataset, thus, it cannot be used independently. 

• Highly likely that no data exists for the particular AOIs 
• CAMS dataset also doesn’t include independent variables 
 
Needs 
• Integration and fusion of AQHub and CAMS data with weather, 

topology, emissions and (optionally) traffic data. This will result in a 
representative and robust dataset which will correlate independent 
variables that can affect air pollution with the associated pollutant 
levels and AQ indexes. 

• Augment the aforementioned data and check for needless features, 
handle missing values etc. 

Weather 
Conditions 

DRAXIS internal 
weather data 
repository 

Issues 
N/A 
 
Needs 
• Integration and fusion with AQHub and CAMS data 

Topograph
ical / 
Geographi
cal data 

Copernicus Land 
Monitoring data 
(https://land.coper
nicus.eu) 

Issues 
N/A 
 
Needs 
• Integration and fusion with AQHub and CAMS data CAMS 

Traffic data 
(optional) 

Not specified 

Issues 
• No source available at this time (inclusion of this data type is still 

under consideration) 
 
Needs 
• Integration and fusion with AQHub and CAMS data (optionally - if 

eventually used) 

 

For PUC3 in particular, initial work and experiments led to the conclusion that air quality as a predictor for 
water quality could not yield the anticipated results. Thus, towards Q3-Q4 of project's year 1, an amendment 
was proposed with the collaboration of DRAXIS and DW. The potential for correlation of different types of 
information, like Air Quality with traffic, meteorology and socio-economic factors is considered. Thus, a new 
round of data needs evaluation will take place to capture the updated data issues and needs that will 
contribute in shaping the path of task T4.1 future work. 
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3. CALLISTO Generated Datasets 
The main target for CALLISTO through the work done in the context of T4.1, is to address the data 
requirements for the ML and DL methodologies developed within the project, aiming to respond to the needs 
of its PUCs. In the previous sections, we described the process of: 

 Collecting data sources already known to the CALLISTO partners that develop ML/DL technologies. 

 Providing these sources in a shared document, together with accompanying information regarding 
their nature and current use, paving the way for the CALLISTO data repository — to be discussed later 
in this document. 

 Recording the ML/DL algorithms to be developed by the partners. 

 Understanding the current status of data availability and data issues encountered by the partners for 
the above ML/DL algorithms, through the use of relevant questionnaires. Evaluation of these 
questionnaires led to the identification of needs for data generation and helped in the prioritisation of 
such activities during the first year of the project. 

 

In the following sub-sections, we are presenting the first batch of annotated datasets that have been 
generated within CALLISTO, as part of the work done in T4.1. They are: 

1. Annotated Street-Level Images — Street-level images from the Mapillary platform, annotated with 
agricultural, crop type labels 

2. National Paddy Rice Maps — Paddy rice maps for 2017-2021 in South Korea with DL 

3. Paddy Rice Evaluation Sites — Paddy rice evaluation sites to be used for validation  

And they are outputs of the application of: 

 Data fusion of heterogeneous data sources 

 Deep Learning for data generation and data augmentation 

 Visual Inspection / Visual Interpretation 

 
There is also work in progress for the generation of a fourth dataset using Generative Adversarial Networks 
(GANs) which relates to the filling of cloud gaps in Sentinel-2 optical imagery using Sentinel-1 (SAR) data as 
input. More details for this work are also shared in the following sections.  
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3.1. Annotated Street-Level Images 

3.1.1.Purpose 

For the purposes of PUC1, towards the monitoring of the Common Agricultural Policy and towards achieving 
compliance according to the Post-2020 CAP guidelines, we need to enhance our data sources and have access 
to Space-2-Ground data coverage. While satellite imagery and the “Space” component in general is delivering 
greatly in regards to the extent covered, the spectral resolution and the temporal frequency, there are still 
weaknesses that come along in many forms, like impact of clouds, spatial resolution, acquisition cost, 
computational requirements, storage requirements, etc. 

The Annotated Street-Level Images dataset is directly countering some of the above limitations. It can 
provide a flow of data coming from the ground (street-level), it is unaffected by clouds and most weather 
conditions, it is free of charge as it is acquired from and contributed to the Mapillary crowdsourcing platform, 
it is free of storage costs and it is accompanied with sensitive information pre-processing and obfuscation 
out of the box. 

Annotated Street-Level Images dataset is a combination of street-level images with LPIS data, the fusion of 
which turns it to a street-level image dataset annotated with agricultural crop type labels. 

An indicative list of use cases for which Annotated Street-Level Images can be exploited are the following: 

 Validation of the results of the predictive models for crop classification and grassland mowing event 
detection 

 Timely resolution of disputes between farmers and PAs in regards to agricultural subsidies for specific 
crop type cultivation and compliance to CAP guidelines 

 Training of Deep Learning models on street-level imagery for crop classification 

 More are considered, based on ongoing feedback from CAPO, i.e. detection of the use of pesticides, 
initially through photo-interpretation, evaluation of tree distances for fallow land classification etc. 

 

3.1.2.Data & Implementation 

Street-Level images - Mapillary 

The street-level images used for the dataset generation have been acquired through the Mapillary web 
application / online platform1. Mapillary offers the capability to interact with its backend and database 
through an Application Programming Interface (API). This allows for easier collection of information and 
imagery based on data and metadata stored on the platform. To achieve this, a corresponding application 
was registered in order to receive an access token and a library was implemented using the Python 
programming language. This Python library that interacts with Mapillary API v3 can be found on GitHub 
(https://github.com/gchoumos/callisto-mapillary). 

Since August 2021, following Mapillary’s acquisition by Meta Platforms Inc. (formerly known as Facebook 
Inc.), a fast-track migration to a new API (v4) and deprecation of the old one took place. While API v3 can still 
be used for acquisition of images prior to August 2021, it is expected to be completely shut off shortly, and 
use of API v4 is strongly encouraged. We are currently developing a corresponding python library to interact 

 
1 https://www.mapillary.com/ 
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with Mapillary API v4. The code for downloading based on a time range and a specific area is currently 
available and it can be found on our GitHub (https://github.com/Agri-Hub/Callisto/tree/main/Mapillary).  

The origin location of the images has been selected so that it includes the area in which field campaigns were 
performed by Raphaël d’Andrimont during October 2017 in the Netherlands. These field campaigns were 
done as part of [2] where a method for street-level image acquisitions is considered to cover the in-situ data 
needs for grassland monitoring. Thus, as is expected, the imagery is for the most part depicting grassland 
parcels. The following image (Figure 1) shows the wider area in which d’Andrimont’s field campaigns took 
place, falling in between Amsterdam and Arnhem, partly covering the areas of Utrecht, Amersfoort and Ede. 
The coloured tracks correspond to the actual paths followed by d’Andrimont while automatically acquiring 
imagery through the Mapillary application. 

 
Figure 1 Areas covered by the street-level images captured specifically by d‘Andrimont (coloured tracks) 

The tracks eventually comprise a set of points, each of which corresponds to an image acquisition. Based on 
the area where d’Andrimont’s field campaigns took place and in order to exploit every available image from 
the platform, we drew a bounding box and downloaded all images inside it, from 01-04-17 to 30-11-17. The 
spatial distribution of the full availability of imagery in that area for this timeframe is depicted in Figure 2. 
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Figure 2 Available images in area of interest between 01/04/2017 - 30/11/2017 

 

By selecting this area, we acquired a total of 485,528 images. Then, using the image metadata we were able 
to exclude the panoramic ones which are incompatible with our annotation methodology and the applied 
coordinate transformations. This removal eventually resulted to a total of 412,743 unique images. Figure 3  
presents a sample of these images that are included in the dataset and come from the aforementioned area. 

 
Figure 3 Sample street-level images used for the dataset 

It is worth highlighting that the above tracks and images are just a small subset of what is available through 
the Mapillary platform, and this availability is expanding daily. Figure 4 shows all the tracks that exist at the 
moment which, while a bit cluttered, is an indication of the actual availability. 
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Figure 4 Mapillary imagery availability in the Netherlands, colour-coded based on the acquisition recency 

 

Street-level images often come with challenges around handling any sensitive information that may be 
included, like facial characteristics and car plate numbers. Through the use of the Mapillary platform and 
its processing pipelines, we are exploiting the obfuscation methodologies that are already in place for any 
kind of sensitive data. Figure 5 illustrates examples of such cases which have been automatically obfuscated 
by the preprocessing applied by the Mapillary platform, prior to them being made available online. In 
particular, the left image shows obfuscation of human faces, whereas the right one presents an example of 
car plates being automatically blurred out. 

     
Figure 5  Obfuscation / blurring of human faces in the street-level imagery (left image). Car plates blurred out prior to being 

displayed on the Mapillary platform (right images) 

The Annotated street-level images dataset is using these obfuscated photos, meaning that the imagery 
included is free of sensitive/personal information. 
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Dutch LPIS - Open Access Data 

Land Parcel Identification Systems (LPIS) data include parcel geometries, together with the declarations of 
the farmers for the cultivated crop type in each parcel. For the Netherlands, LPIS data are published and 
become available as open access data through the Nationaal Georegister (NGR) platform2. They consist of 
shapefiles which can be processed in many useful ways, taking advantage of the embedded geo-referenced 
information.  

Apart from the parcel geometries included in LPIS data, we also have the farmers’ declarations, which is what 
we use as the crop type label for each parcel. Based on these LPIS declarations, farmers receive subsidies for 
their cultivation activities and the Paying Agencies can have a basis for their evaluation and subsequent on 
the spot checks/inspections (OTSCs). 

For our dataset we have used the Dutch LPIS of 2017, which contain 785,710 parcels. Out of those, 66.8% 
belong to the general category of Grasslands, whereas 31.6% is Arable Land. Figure 6 presents the 
distribution of the crop types across the country, excluding Grasslands, for which there are at least 1,000 
data points. Maize is by far the most prevalent cultivated crop type, followed by Winter Wheat and Sugar 
Beets. Another interesting observation is the appearance of multiple flower cultivations (e.g., Lilly, Tulips). 

 
Figure 6 Distribution of crop types in the Netherlands (excluding Grasslands) 

Furthermore, our study area in the Netherlands is a quite convenient one, since the fields are of a rather 
large size, with an average area of 23,95 hectares. Figure 7 showcases the distribution of the area that is 
covered by each crop type, together with a visualization of the outliers. It is worth mentioning that the mean 
area for every crop type is between 10 and 50 hectares, and the outliers are always cases with much larger 
size. This means that the 10m resolution of Sentinel-2 is likely to work well, as we will have lots of pixels 
available for each parcel, and they will likely counter the issues originating from boundary pixels. 

 
2 https://nationaalgeoregister.nl 
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Figure 7 Distribution of area covered by each of the crop types in the Netherlands 

Focusing on the area of d’Andrimont’s field campaigns, we can see a visualization of the LPIS declarations in 
Figure 8. Grasslands are indicated with green colour and are the dominant crops, with 55039 parcels that 
account for around 81.5% out of the total. The crop type of the majority of the non-Grassland parcels, which 
belong to the Arable Land category is Maize. 

 
Figure 8 Area of interest in the Netherlands – Matching field campaign data by d’Andrimont 

 

Table 4 shows the distribution of the most frequent crop types for the aforementioned area of interest. We 
can see that Grasslands are indeed dominant, while Maize is also of significant proportion compared to the 
rest of the crop types. 
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Table 4 The 10 most frequent crop types in the area of interest 

Crop Type Count 

Permanent Grassland 37198 

Maize 4901 

Temporary Grassland 4365 

Pears 608 

Natural Areas 540 

Apples 281 

Winter Wheat 161 

Agricultural nature mixture 143 

Rice 129 

Summer Barley 123 

 
 

 

Data Fusion and Annotation - Mapillary & LPIS 

As mentioned in the previous section, the Annotated Street-Level Images dataset is the result of fusing street-
level images from the Mapillary platform with agricultural crop type labels coming from LPIS data. In order 
to perform data fusion and generate annotations for the street-level images, the idea is to exploit a 
characteristic they share in common, namely, the geo-reference information. 

The data fusion and annotation methodology has been one of the main concepts behind NOA’s recent 
publication on the 28th International Conference of Multimedia Modelling (MMM) [3]. The idea behind it is 
that we use the coordinates on which each street-level image was captured, along with the direction of 
movement of the vehicle and the orientation of the camera. For the orientation in particular, there are 2 
cases as we may capture images with the camera mounted on the windshield or, alternatively, with the 
camera mounted on one of the side windows. It is of high importance that the information about the camera 
orientation and the direction of movement is accurate, otherwise the annotation algorithm is highly likely to 
either miss parcel label assignments, or even mix labels of different parcels. In our case we have worked 
mainly with images that have been taken with the camera mounted on the windshield (Figure 9). 
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Figure 9 Camera mounted on the front of the vehicle 

 

Having this information, we apply a simple transformation on the coordinates (lat, lon) of each image 
acquisition, in order to move them at a distance of 𝑑 = 10𝑚 away in a new Point (lat2, lon2) and verify 
whether or not a parcel is included in the field of view of the camera. The transformation is described by the 
following equations: 

𝑙𝑎𝑡 = arcsin sin(𝑙𝑎𝑡 ) ∙ cos + cos (𝑙𝑎𝑡 ) ∙ sin ∙ 𝑐𝑜𝑠𝜃)                                       (1)     

𝑙𝑜𝑛 = 𝑙𝑜𝑛 + arctan 𝑠𝑖𝑛𝜃 ∙ sin
𝑑

𝑅
∙ 𝑐𝑜𝑠(𝑙𝑎𝑡 ) , cos

𝑑

𝑅
 − 𝑠𝑖𝑛(𝑙𝑎𝑡 ) ∙ sin(𝑙𝑎𝑡 )                     (2) 

   
When the camera sensor is mounted on the windshield, facing front, we set  𝜃 = 𝑐𝑜𝑚𝑝𝑎𝑠𝑠_𝑎𝑛𝑔𝑙𝑒 + 45 , for 
the right half of the image and 𝜃 = 𝑐𝑜𝑚𝑝𝑎𝑠𝑠_𝑎𝑛𝑔𝑙𝑒 − 45  for the left half of the image. If we included images 
for which the camera sensor was mounted on a side window, then we would just set 𝜃 = 𝑐𝑜𝑚𝑝𝑎𝑠𝑠_𝑎𝑛𝑔𝑙𝑒. 
In the above transformations, 𝑅, stands for the radius of the earth.  

Figure 10 displays one such example, where the street-level acquisition coordinates are transformed 
considering the camera mounted in the front side. 
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Figure 10 Coordinate transformation to apply labels to street-level images 

After the transformations are applied, if the new coordinates (lat2, lon2) fall within the boundaries of any 
parcel in the LPIS data, then we label the crop type declared for the parcel with that street-level image. Our 
dataset is eventually constructed through the application of this method to all the points of acquisition of 
our street-level images. Finally, we annotated 54,680 street level images. The vast majority of those (88%) 
consists of Grassland fields whereas ~10% illustrates maize cultivations. The rest ~2% contains images that 
illustrate other crop types such as potatoes, winter wheat, sugar beets, barley, rice and onions.  

 

No Reference Image Quality Assessment 

The Mapillary platform contains more than 1.5 billion street-level images. However, there is no information 
about their quality, which can result in noise in our dataset. Thus, it is necessary to utilize a methodology of 
automatically detecting and discarding images of bad quality. Since we do not have annotations about the 
quality of the images, we examined No-Reference Image Quality Assessment (NR-IQA) algorithms, for which 
a variety of feature extraction mechanisms have been proposed, from natural scene statistics [4] [5] [6] [7] 
to deep neural networks [8] [9] [10] [11]. As an initial approach, we decided to experiment with natural scene 
statistics methods which have been extensively and successfully used over the past decade. Specifically, we 
adopted the Blind/Reference-less Image Spatial QUality Evaluator (BRISQUE) model. Opposed to other 
methods, it uses only the image pixels to calculate features without the need of any transformations. 
BRISQUE can be summarized as follows.  

 Compute locally normalized luminance (or mean subtracted contrast normalized (MSCN) 
coefficients) via local mean subtraction and divisive normalization 

𝐼(𝑖, 𝑗)  =  
𝐼(𝑖, 𝑗)  − 𝜇(𝑖, 𝑗)

𝜎(𝑖, 𝑗)  + 𝐶
, 𝝁  = 𝑾 ∗ 𝑰, 𝝈  = 𝑾 ∗ (𝑰 − 𝝁)𝟐          (𝟑) 

 Fit Generalized Gaussian Distribution (GGD) [12] to MSCN coefficients (features 1-2) 

 Calculate pairwise products of neighboring MSCN coefficients along four directions i) Horizontal H, 
ii) Vertical V, iii) Main-diagonal D1 and iv) Secondary-diagonal D2. 

 Fit Αsymmetric Generalized Gaussian Distribution (AGGD) [13] to the i) H pairwise ii) V pairwise 
products, iii) D1 pairwise products and iv) D2 pairwise products. 

 Predict quality score using a pre-trained SVR model. 

For the MSCN product we calculate 2 parameters from the GGD (one for shape and one for variance). On the 
other hand, an Asymmetric Generalized Gaussian Distribution (AGGD) is fit to each of the four pairwise 
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product images. AGGD is an asymmetric form of Generalized Gaussian Fitting (GGD) and it has four 
parameters (shape, mean, left variance and right variance). Thus, we end up with 4 different features for 
each product. Table 5 summarizes the features extracted from the initial image. 

Table 5 Features used in the BRISQUE model 

No Reference Image Quality Assessment – Features 

Feature ID  Feature Description  Computation Procedure 

f1 - f2 Shape and variance Fit GGD [12] to MSCN coefficients 

f3 - f6 mean, left variance, right variance Fit AGGD [13] to H pairwise products 

f7-f10 mean, left variance, right variance Fit AGGD [13] to V pairwise products 

f11-f14 mean, left variance, right variance Fit AGGD [13] to D1 pairwise products 

f15-f18 mean, left variance, right variance Fit AGGD [13] to D2 pairwise products 

 

The BRISQUE quality scores range from 0 to 100, with 0 indicating very high quality, whereas 100 extremely 
bad quality. In our dataset, we discarded images with a score higher than 35, which results to a removal of 
1023 images. 

3.1.3.Results 

Generated Dataset 

The Annotated Street-Level Images dataset, is a great example of how annotations can be generated, by 
combining datasets of different modalities on a common feature shared within their metadata. 

It consists of i) street-level images, each of which having the image id as its name, and ii) a csv file that maps 
each image id to a set of characteristics, which is shown in Table 6. A sample of street-level images of our 
dataset is presented in Figure 11 (images that illustrate crops other than grassland or maize).  

 

 

Table 6 Description of metadata features of the generated dataset 

Feature Name Feature Description  

id ID of an agricultural parcel included in the LPIS declarations 

label The crop type cultivated in the parcel according to the LPIS 

image_date The date of the street-level image acquisition 

image_id The id of the image as it is stored in the Mapillary database 
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direction 
The direction in which the parcel appears inside the street-level 
image. For this dataset, the value is either left or right 

 
Figure 11 Sample of images in the dataset, selected after application of NR-IQA 

 

Together with the images, an accompanying csv file, with the rest of the metadata is included. A sample of 
its contents can be seen in the following table. 

id label image_date Image_id direction 

1890 Grassland 2017-08-02 527903208225456 right 

28235 Grassland 2017-08-05 485698512854670 left 

28235 Grassland 2017-08-05 108543031310984 left 

38393 Maize 2017-08-05 491433148583383 right 
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23163 Grassland 2017-10-11 291090132688620 right 

Table 7: Sample of generated dataset metadata 

The resulting dataset has the potential and will be used for a variety of tasks like: 

 Training ML and DL models for crop classification based on street-level imagery 

 Photo-interpretation for the validation of farmers’ declarations 

 Supportive evidence for dispute resolution 

 Enabling additional phase-in checks as part of the post-2020 CAP requirements (eg. Tree counting, 
pesticide use, etc.) 

 Refinement of Image Quality Assessment techniques through DL 

 

DataCAP platform 

The Annotated Street-Level Images dataset has been used as a basic part of the visualization component of 
the DataCAP platform3. DataCAP combines the Open Data Cube (ODC) technology on Satellite Image Time 
Series (SITS), with ML pipelines and crowdsourced street-level images to assist in the monitoring of the CAP. 

In the DataCAP platform, the parcels are presented together with the declared crop type taken from the LPIS 
data, the predicted crop type as taken from the results of the crop classification outcome, and other ancillary 
information, like the prediction confidence, vegetation indices and the street-level images that are available 
for it. Figure 12 showcases the main screen of the DataCAP platform, displaying the aforementioned 
information for each parcel. By selecting the street level option, the available images for that particular parcel 
taken from the Annotated Street-Level Images dataset are presented, together with the date of acquisition, 
an indication of the parcel’s location and the capture coordinates for each image. These images can be used 
for validation of the classification outcome and for subsequent resolution of potential disputes. Figure 13 
illustrates such an example. The available street-level images are presented on the left of the page while on 
the right one can see the point where the image was captured (red dot) and the geometry of the indicated 
parcel. Moreover, in the middle there is displayed the exact capture date along with the direction in which 
the corresponding field is illustrated. 

 
3 http://62.217.82.91/ 
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Figure 12 DataCAP main screen  

 

 
Figure 13 Annotated Street-Level Images as displayed in the DataCAP platform 
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3.1.4. Future Work 

The first version of the Annotated Street-Level Images dataset was described. As part of our future steps, we 
are planning to refine our methodology and also expand its application to other areas. 

Firstly, we will explore alternative ways of matching the LPIS data with the street-level images in order to 
decrease the possibility of wrongly annotated cases. A lot of work needs also to be done with regards to the 
Mapillary API. As mentioned in sub-section 3.1.2., a new version of the API (v4) with major changes has been 
released in a short notice after Mapillary was acquired by Meta. Thus, it is essential that the Python libraries 
are migrated and adapted, in order to be able to acquire images based on the criteria that we use. As the 
documentation of the API v4 is not complete yet and is only being slowly rolled out, this has been a 
challenging process up to now. However, feedback is constantly provided to the development team through 
the available channels, like the Mapillary forum, and the community is also contributing as many parties are 
facing similar impediments. Thus, we expect that the gaps will be bridged in the medium term. 

Moreover, the quality of the images in our dataset is of high importance; thus, we aim at further improving 
the part of No Reference Image Quality Assessment by incorporating state-of-the-art Deep Learning 
architectures, such as MetaIQA [10] and Hallucinated-IQA [11]. These techniques (among others) have 
outperformed previous widely used methods such as BRISQUE [7] or DIIVINE [6].  

Consecutively, having discarded bad quality or irrelevant images from the dataset, we will test SOTA 
architectures for image classification (e.g. Resnets, EfficientNets, Transformers, Vision Transformers etc) on 
our dataset, generating this way a benchmark dataset of street level images for crop classification. 

Nevertheless, the examined area in the Netherlands lacks crop diversification. For the purposes of CALLISTO, 
NOA is closely collaborating with inspectors from CAPO in Cyprus, organizing field campaigns during which 
the inspectors are extensively collecting street-level images and contributing them to the Mapillary platform, 
across the whole country for the past months. Up to now, around 180,000 street-level images, mostly coming 
from places of agricultural interest have been collected. Therefore, the aforementioned dataset will be 
generated for areas in Cyprus. The current street-level image coverage in Cyprus is depicted in Figure 14. 

Finally, we are also planning to match all these images with corresponding Sentinel information. Specifically, 
the output will be a dataset that will include, for each parcel, the following: 

 Sentinel-1 time series patch 

 Sentinel-2 time series patch 

 Street level images 

 Crop type 

That way, we will allow the development and evaluation of fusion models (in the decision level) for crop 
classification. It will also help in validation of the LPIS 
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Figure 14 Tracks of street-level image coverage in Cyprus acquired through the CALLISTO field campaigns 

 

 

3.2. National Paddy Rice Maps 

3.2.1.Purpose 

For the purposes of PUC1, we need to develop deep-learning models for CAP monitoring and it is desired to 
secure ready-to-analysis dataset for AI model training. One of the prior objectives for CAP monitoring is to 
identify crop area as a subject of agricultural policies. A crop mapping model, generally applicable in national 
scale, is valuable not only for establishing national policy but also for being a reference to develop the other 
crop mapping models with expanded crop types and cultivation areas.  

The national paddy rice maps are binary paddy rice classification in South Korea from 2017 to 2021 generated 
by recurrent U-net deep-leaning model which was trained with time series Sentinel-1 and a farm map 
produced by Korea Ministry of Agriculture, Food and Rural Affairs (MAFRA). The product consists of 
classification of rice, a national staple crop, through the entire country in 5 consecutive years and it is 
accompanied with the originating deep-learning model and learning materials. As a result of prediction, it 
does NOT represent ground truth information, but can be used as a pseudo labeling. Moreover, additional 
research to improve the model or transferring knowledge to other crop classification model is available with 
the provided dataset.  

3.2.2.Data & Implementation 

Farm map – National GIS data produced by MAFRA 

Farm map, produced by MAFRA, was used to label the deep-learning model for the paddy rice detection. The 
farm map records various types of crop area in a vector format which was visual interpreted with high-
resolution satellite images and aerial photos referring the other national GIS data. As the visual interpretation 
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through the entire country takes two to three years, the farm map is produced in turn by dividing the country 
into regional scale. The trained data consists of 3 years (2017, 2018, and 2019) and it is accessible through 
the national open data platform (http://data.nsdi.go.kr/dataset/20210707ds00001). As the data is 
distributed in a vector format, it was converted to 10 m x 10 m raster format which is compatible to the 
Sentinel-1, and used for labeling the images. 

 
Figure 15 Farm map - a labeling source to classify paddy rice in cultivation (dark blue) 

Satellite images – Time series Sentinel-1 

The time series Sentinel-1 images were used to detect paddy rice for its advantage on data availability in any 
weather condition which enables early prediction of crop area and timely decision making. In addition, by 
using an active sensor, Sentinel-1 is able to sensitively monitor the phenological change of rice which is clearly 
distinguished by the inundated surface of paddy field in planting season and coarse texture in ripening 
season. According to the phonological stage of paddy rice, 8-time step of Sentinel-1 images were acquired 
from May 10 to October 20 in 20 days’ interval. In order for the images to capture similar features of rice 
invariant to more or less difference of growth, minimum and maximum value composite were used at 
transplanting season and ripening season each. The Sentinel-1 images were separated into 7,762 patches of 
training data and 5,180 patches of validation data for each patch consists of 256 x 256 pixels. The time series 
data at each patch were collected in different year from 2017 to 2019 to be coincide with that of farm map.  

 
Figure 16 8-time series of Sentinel-1 images to classify paddy rice 
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Model used – Recurrent U-Net 

Deep learning architecture was designed to integrate U-Net and RNNs layers, so it can extract both spatial 
and temporal features. The overall design of the model follows a standard U-Net architecture while the 
encoder consists of a series of recurrent modules and max-pooling was applied to the time axis at skip 
connections. The recurrent module consists of convolutional layers, drop-out, and spatial max-pooling. Each 
time series shares the convolutional layers and the calculation of the previous time step is added to the next 
time step so phenological contexts could be passed to the later calculation. Considering both temporal 
feature preservation and computational efficiency, max-pooling was applied to the skip connections so the 
adjacent time steps at the same phenological stage are pooled and a half size of the features are passed to 
the decoder. 

 
Figure 17 Model used – U-Net architecture for each time series sharing convolutional layers (recurrent modules) at encoder 

3.2.3.Results 

General dataset utility - Validation 
The training accuracy and Cohen’s kappa value of early prediction on May are 0.9335 and 0.5115 each and 
increase to 0.9675 and 0.8019 when the images are fully provided at the end of the cultivation period. The 
validation accuracy and Cohen’s kappa value of early prediction are 0.9315 and 0.4957 each and increase to 
0.9650 and 0.7857 when the images are fully provided. 
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Figure 18 The validation results from the dynamic time sequence (early prediction) 

 

 
Figure 19 The result of paddy rice mapping from the deep-learning model 

 

The national paddy rice map is a representative case for applying deep-learning on agricultural sector and 
has a great potential to be used for decision/policy making. Along with the accompanied products (model, 
learning material), the dataset has a great potential to be used for developing diverse crop classification 
models as follows: 

 Training ML and DL models by using the 5 years of classification map as a pseudo labeling 

 Baseline for developing/improving deep-learning models with reproducible dataset 
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 Knowledge transfer to the other crop classification tasks 

The dataset is accessible through GitHub (https://github.com/Hyun-Woo-Jo/Paddy_Rice_Maps-
South_Korea-2017_2021).  

3.2.4.Future Work 

Application of state-of-the-arts architectures 
Recently, there are attempts to integrate attention layers, instead of RNNs layers, to the U-Net architecture 
for exploiting temporal features. As a state-of-the-art architecture does not guarantee better performance 
to all tasks, it should be examined and compared to the recurrent U-Net in usage, especially to the case of 
early prediction that some or most of the time steps are unobtainable. 
Transfer learning to another crop classification task in European country 
The knowledge for classifying paddy rice in the model will be transferred to develop crop classification model 
in European study area. 
Publication to the peer-reviewed journal 
An academic paper related to the national paddy rice map are being prepared aiming to be published at IEEE 
Transactions on Geoscience and Remote Sensing (IF: 5.6). 
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3.3. Paddy Rice Evaluation Sites 

3.3.1.Purpose 

While promoting the CAP, the crop classification model is essential to identify the policy targets and estimate 
the food productivity. To develop a crop classification model that can contribute to the policy, the model 
should be universally and generally applicable in diverse environments. Therefore, accurate paddy rice 
validation data should be constructed to verify the versatility of the model. 
This dataset was established based on the following criteria, being shareable to diverse users. The purpose 
is to improve the quality of the labels by correcting mistakes, such as delineation errors or classification 
uncertainties. 
To collect these precise paddy rice maps, the visual interpretation was done using Google Earth Pro in 2020. 

3.3.2.Data & Implementation 

First of all, the data for the agricultural area provided by Statistics Korea was classified by each province. The 
area of paddy rice by each province was estimated, and the sampling areas were selected based on the 
percentage of each provincial area. According to the Central Limit Theorem (CLT), sampling sites are more 
than 30 to represent the normal distribution and have representativeness. We sorted out 30 sampling sites 
using the stratified sampling method which categorize the whole data into each provincial group and 
randomly extract it from each group. 
The orthographic image from Google Earth Pro were overlapped to the paddy rice map from the Ministry of 
Agriculture, Food and Rural Affairs (MAFRA), and the visual interpretation was implemented to construct the 
data. 
To create the validation data for an accurate paddy rice map, we revised the existing map depending on the 
land-use changes and misinformed lands (non-cultivated areas). The criteria for classification, whether paddy 
rice or other crop cultivation during each growing period, was set based on its texture and color while visual 
interpretation. 
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Figure 20 The 30 sampling sites in South Korea in which photointerpretation was executed 

 
 

    
 
 

Figure 21 Fallow land and untidy surfaces 
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The classification criteria by each growing period on paddy rice: Texture and Color. 

 After harvesting and before sowing (November to April): straightly rough pattern with dark brown 
color 

    

Figure 22 After harvesting and before sowing  

 After sowing and planting (May to June): soft surface filled with water with light brown color 

  

Figure 23: After sowing and planting 

 Growing rice (June to October): grainy surface with light green color 

  

Figure 24 Growing Rice 
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The classification criteria by each growing period on other cropland: Texture and Color. 

 After harvesting and before sowing (December to April): soft and even surface 

  

Figure 25 After harvesting and before sowing 

 After sowing and planting (May to June): straight pattern with mixed blue and brown color 

  

Figure 26 After sowing and planting 

 Growing crop (June to November): straight pattern with green color 

   

Figure 27 Growing Crop 

  

The five researchers from KU participated in the visual interpretation, one expert revised, and the 
results were verified according to the given criteria. 
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3.3.3.Results 

The paddy rice validation data is in the format of shape, and the size of which sites with 2.56km by 2.56km. 
The major growth period for visual interpretation was from July to October when the rice growth was seen 
clearly. Below we present the different cases when the ground truth information is wrong or incomplete. 

  

 Case 1. The paddy rice area without information on the paddy rice map 

                  
Figure 28 A paddy rice field which was not declared as such (left). The result after manually correcting the false declaration (right) 

 

 Case 2. The inconsistent boundaries 

                  
Figure 29 A paddy rice field with incorrect boundaries (left). The result after manually correcting the parcel’s geometry (right) 
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 Case 3. The unmatched area without paddy rice 

                
Figure 30 A field which was wrongly declared as paddy rice (left). The result after manually removing it(right) 

 

The validation data library is available through GitHub (https://github.com/Chan-Woo-Kim/Paddy-Rice-
Evaluation-Sites.git). 

 

 

3.3.4.Future Work 

Additional verification on the data will be performed in comparison with the results of deep learning-based 
crop classification model (3.2. National Paddy Rice Maps). Moreover, we plan to apply the same methodology 
on a European area (e.g. Cyprus) either for paddy rice or for other crops. This will assist in the evaluation of 
the transfer models that will be developed, as mentioned in 3.2.4 above. 
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3.4. Cloud Gap Filling (in progress) 

3.4.1.Purpose 

Two-thirds of the earth’s surface is often obscured behind clouds throughout the year [14]. Cloud cover is a 
common issue with optical satellite images, severely affecting the quality and the spatiotemporal availability 
of surface observations. Clouds can critically impact the utility of satellite images by completely covering the 
ground below, or distorting the measurements collected. While a generally known practice in cloud 
identification and removal of affected areas, there is also a growing interest in filling the gaps created with 
the use of powerful data-driven deep learning methods. Therefore, in agricultural remote sensing, there are 
many challenging weather conditions to overcome to obtain high-quality optical remote sensing data. At this 
work, we investigate the cloud gap filling on Optical images. 

Traditional approaches can be categorized into three main groups: 1) Multi-Spectral, 2) Multi-Temporal and 
3) In-Paining. The first approach exploits signals to restore surface information without the use of additional 
data, namely, the methodology used can be mathematical [15], physical [16] or geometry-based [17]. Thus, 
it can be applied when the optical signal is only partially affected by clouds. Multi-Temporal approaches can 
restore cloudy scenes by integrating information from previous acquisitions with cloud-free conditions [18]. 
Finally, In-Painting approaches can use cloud-detection algorithms to detect the cloudy part of an image so 
as to reconstruct it using the other clear parts [19]. 

On the other hand, the advent of the Big Data era in Satellite Remote Sensing opens new possibilities for 
addressing the problem using powerful data-driven deep learning methods. For instance, [20] uses a Spatial-
Temporal-Spectral (STS) Convolutional Neural Network to restore data gaps using multi-source data. Lastly, 
many studies are focused on the potential Generative Adversarial Networks (GANs) [21] that can be used as 
a solution to the problem. For example, [22] presented the first conditional GAN (cGAN) able to fuse SAR and 
optical multi-spectral images with the intent of generating cloud-free optical data from images corrupted by 
clouds. However, [23] proposes a different kind of GAN for capturing correlations across multiple images 
over an area and presents a Spatio-Temporal Generator Network (STGAN) able to remove clouds using a 
concatenation between three previous acquisitions of the area of interest. Additionally, [24] introduces the 
spatial attention mechanism into the remote sensing imagery cloud removal task proposing a Spatial 
Attention GAN (SpAGAN). Finally, a Deep Residual Neural Network (instead of a GAN) looked promising in 
[25], in terms of cloud removal from multi-spectral Sentinel-2 images; also they used a SAR-optical data fusion 
method to exploit the synergistic properties of the two imaging systems and guide the reconstruction. 

Contrary to the aforementioned methods that concern the need for paired datasets containing the cloudy 
images and their cloud-free counterparts, we used the Cycle-GAN [26], that is able to learn the map between 
cloudy (optical) and cloud-free (SAR) images without the use of a paired dataset or any additional spectral 
information. In fact, Cycle-GAN aims to translate SAR which is not affected by clouds to OPTICAL.  

At this scope, in [27] an optical image is simulated from either a single SAR image or multi-temporal SAR-
optical image thanks to a CNN model and a cGAN model. Moreover, [28] translates the SAR Data to OPTICAL 
using a CNN and then a GAN model fuses the SAR, the simulated and the real optical to reconstruct the 
missing parts. However, we consider the use of Cycle-GANs which proved to be efficient in the translation 
tasks.   

In conclusion, synthetic aperture radar (SAR) is an effective and important technique in monitoring crops and 
other agricultural targets [29] because its quality does not depend on weather conditions and is sensitive to 
the dielectric and geometrical characteristics of the plants. In this stage, we investigate the possibility of 
optical data simulation for cloud gap filling using GAN architectures and SAR data. In this context, a hybrid 
deep learning model will be developed, targeting applications of cropland monitoring, where reliable 
information on crop development is essential to support the transition towards precision agriculture and 
evidence-based verification of compliance to agricultural policies. 
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3.4.2.Data & Implementation 

Images produced by the Sentinel-2 mission come with such cloud occlusions and a common alternative is the 
use of SAR data, as they are nearly independent of the atmospheric conditions and solar illumination. 
However, SAR data share entirely different characteristics compared to optical data. Even though Sentinel-1 
has the ability to provide continuous, day-and-night observations and to overcome various kinds of bad 
weather conditions or poor air quality (e.g., clouds, rain, fog and smoke), the information captured by this 
mission is less descriptive and more complex to interpret than that of optical images. In that case, Generative 
Adversarial Networks (GANs) are used to translate SAR to optical imagery, while many researchers have 
recently proposed the information fusion of SAR (Sentinel-1) and optical (Sentinel-2) images with different 
motives. 

The proposed architecture, which is currently under implementation, considers the use of the state-of-the-
art cycle-GAN due to its capability to work with spatially uncoupled image pairs. In contrast to previous 
approaches, GANs in this work are used to translate only the image pixels/patches that contain clouds, 
instead of the whole image, avoiding in this way the deformation of already clear parts. In this case, we used 
the BigEarthNet dataset consisting of 590,326 pairs of Sentinel-1 and Sentinel-2 image patches. Each image 
patch was annotated by the multiple land-cover classes that were provided from the CORINE Land Cover 
database of the year 2018 (CLC 2018). In particular, we collected patches that belong to the agriculture-
related labels that can be summarized in Table 7 below. 

Table 7  BigEarthNet selected labels 

BigEarthNet labels 

Non-irrigated arable land 

Permanently irrigated land 

Rice fields 

Vineyards 

Fruit trees and berry plantations 

Olive groves 

Pastures 

Sparsely vegetated areas 

Natural grassland 

Annual crops associated with permanent crops 

 

The optical image is a Sentinel-2 image that can be expressed as a matrix 𝑌 ∈ 𝑅 , , where 𝑊 and 𝐻  
are the width and the height of the image respectively, expressed in the number of pixels, while 𝐵 represents 
the number of spectral bands (in this stage only band 8 is involved). The GAN model is used for the SAR to 
Optical domain translation. It is able to produce the one band optical image 𝑌  output using as input the 
corresponding acquisition in the SAR domain 𝑋 ∈ 𝑅 , , where 𝑃 is the number of different 
polarizations of the SAR acquisition (in this stage only VH polarization has been considered). 

The selected architecture follows the cGAN principle, where two adversarial models are trained 
simultaneously. Firstly, the generator (G) aims to produce realistic samples 𝑌  similar to the ones 
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belonging to the original data 𝑌 . The discriminator (D) has to decide whether the images are original 
or simulated.  

The pix2pix [18] which is one of the most prominent cGANs, uses a U-Net architecture in a 16-layer design 
for translation. Complementary image pairs with common structural information are required as input, which 
implies a supervised learning process. Pix2pix considers two loss functions for training, LcGAN (which is the 
conditional adversarial loss) [30] and LL1 (which uses the L1-norm to compare with the objective images). 
The balance of both weights influences the creation of artefacts and blurriness of the generated images. This 
design has been already applied in remote sensing [31] for SAR to Optical image simulation in cloud removal. 

    On the other hand, the CycleGAN architecture is partially based on the pix2pix code but works with 
decoupled image pairs as input, thus, enabling unsupervised learning. Moreover, the translation is learned 
in two directions (Figure 30), creating two generators and two discriminators. Hence, an image is processed 
through both generators whose result is expected to be the same as the input (consistency). CycleGAN then 
computes three losses (Figure 31), two for both GAN translations and one for consistency. Since it does not 
require supervised learning, it assumes there is an underlying relation capable of being learned between the 
domains. It exploits what is called “cycle consistency” (Figure 31), where if there is a translator 𝐺: 𝑋 → 𝑌 and 
a second translator 𝐹: 𝑌 → 𝑋 , then G and F are inverses of each other and have a bijective mapping. Thence, 
a consistency loss is added to favor F(G(x))≈x and G(F(x))≈y, apart from the two adversarial losses needed for 
both learning processes. 

 
Figure 30: Translation in two directions with CycleGAN 

 
Figure 31: Cycle consistency 
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3.4.3.Results 

In this stage, some preliminary experiments were conducted in the BigEarthNet dataset for evaluating the 
CycleGAN’s translation performance in crop type images. Particularly, 1200 patches were randomly selected 
from the dataset and divided into training and validation datasets. For each random split, 90% for the training 
dataset and 10% for the validation dataset. The initial results were not satisfactory and indicated that there 
is a need for additional information in the input of the model. SAR data cannot capture details regarding the 
non-constant spatial resolution of the flora in crop types, compared to the constant in urban areas which 
leads in great results.  

3.4.4.Future Work 

We consider investigating additional inputs and experiment with different architectures for enhancing the 
translation results in crop type monitoring. Particularly, we will evaluate the importance of the additional 
bands for both optical and SAR images as a single data cube input. Moreover, a spatio-temporal data fusion 
method is concerned based on a joint data fusion paradigm, where deep neural network and the CycleGan 
will be combined in order to fuse spatio-temporal features extracted from Sentinel-1 and Sentinel-2 time-
series of data. 
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4. CALLISTO Repository 
4.1. Purpose 
The expected outcome that is shared by both task T4.1 and Research Activity RA1.1, is to secure data 
availability for AI models. Combining these expected outcomes with the CALLISTO Key Result KR02, “Open 
repository with annotated data compliant with FAIR principles”, the aim is to also create an open-access 
added value data repository where the community will be able to search for annotated datasets to use for 
training, testing and validating their AI models. In addition, it is expected that the CALLISTO data repository 
will remain a living asset for the community even after the project’s lifetime. 

 

4.2. Platform 
Platform selection - GitHub  

In order to address the above, the platform selected to host the CALLISTO repository is GitHub. This decision 
was made based on various characteristics and functionalities that it offers, which are considered important 
based on the purpose and the evaluation criteria. 

 
Figure 31 CALLISTO repository on GitHub 
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In particular, a sample of the useful characteristics GitHub comes with is as follows: 

• It is one of the most popular platforms among developers and researchers, and one of the most 
common places to start searching for information, code and data relevant to their needs 

• It is not tied to the CALLISTO project timeframe with regards to its maintenance and updates 

• Every member in the community can contribute through pull requests. There is no private backend 
access required 

• Quality of contributions can be ensured through relevant functionalities offered by the platform, 
like requiring reviews and a certain number of approvals on pull requests before merging changes 
to the main branch 

• Feedback is embedded in the platform in many ways and on various levels. For example, the star 
rating system for repository-level feedback, comments and issues for code-level feedback etc. 

• Any issues (eg. inaccuracies, broken links etc.) can be brought to the community’s attention by 
anyone through the embedded issue tracking mechanism of the platform, and anyone can pick up 
any of the unresolved issues for updates and contributions. 

• Recent platform updates have enabled the capability to directly cite a repository 

• It is easy to add licenses (eg. MIT, Apache etc.)  

 

Related existing repositories 

Other data repositories already exist on GitHub and other platforms. For the ones on GitHub, some of them 
have managed to achieve a level of adoption which made possible a transition towards being continuously 
and actively maintained and enhanced by the community. Such examples are: 

• awesome-public-datasets 4 with around 50 thousand stars and more than 150 active contributors, 
and 

• awesome-satellite-imagery—datasets5 with around 2.5 thousand stars and a total of 14 
contributors at the time of writing 

Also, datasets exist on platforms other than GitHub, like Papers with Code6 and Radiant MLHub7, which are 
also great sources for ML/DL related work and are also enhanced and maintained continuously up to now. 

While such data repositories exist, the CALLISTO data repository is introducing a set of characteristics which 
differentiate it and can make it stand out. These are not only related to the fact that GitHub enables active 
community contributions, but also to the focus that is put on specific domains of application, the generation 
of annotated datasets for these domains and the ways in which it aspires to trigger innovation. These are 
briefly described in the following sections. 

4.3. Domains of Application & Categorization 
In general, as already stated previously, the CALLISTO data repository is focused on AI4EO and especially on 
AI for Copernicus. The main selling point is the annotated dataset generation. The datasets described in 
sections 3.1-3.4 that were created within the context of the project and, specifically, task T4.1 are the ones 

 
4 https://github.com/awesomedata/awesome-public-datasets 
5 https://github.com/chrieke/awesome-satellite-imagery-datasets 
6 https://paperswithcode.com/ 
7 https://mlhub.earth/datasets 
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appearing on top of the repository. Then, for the already existing datasets which were collected, we provide 
a categorization that is in line with the thematic areas of the CALLISTO PUCs. Thus, we have the following 
categories: 

 Agriculture 

 Land Change 

 Water Quality 

 Air Quality 

 Other — for any dataset that cannot be matched to any of the above 

Each of these categories is broken down to 4 sub-groups: 

1. Analysis Ready Remote Sensing Data with labels 

2. Analysis Ready Remote Sensing Data without labels 

3. In-situ & Ground-level datasets 

4. Geo-referenced labels 

Apart from the datasets and the categories mentioned above, the CALLISTO data repository also references 
EU projects, EU services and other related data repositories, like the Radiant MLHub and Papers with Code 
which were mentioned above. 

 

4.4. Triggering Innovation 
While most of the available data repositories are essentially focusing on the actual datasets, some of them 
are taking a step further and include information around a corresponding publication or research paper. 
Some others are also including code, methodologies and demos that either relate to the dataset generation 
or to the actual implementations that are using these datasets. 

Through the CALLISTO data repository, we are taking another step forward in regards to the engagement of 
the community and the provision of added value to the researchers and developers. As we aim to trigger 
innovation, what we also do here is matching existing datasets and implementations that have not 
necessarily been used together, but we believe are compatible. 

Thus, for each of the CALLISTO generated datasets and for most of the existing datasets that have been 
collected and listed, we are including implementations and code that we consider relevant, but have never 
been combined before as far as our knowledge and the outputs of our literature review are concerned. We 
consider this approach to be an enabler for research work and innovation, and we want to facilitate the 
community to understand the available opportunities to exploit Copernicus data. This concept is also 
enabling the CALLISTO partners that have generated annotated datasets to actually promote this work and 
encourage the community to use them. 

However, we are not aiming to limit this promotional aspect of datasets and relevant work to the CALLISTO 
partners. On the contrary, this whole concept of compatible implementations is what we expect to be a key 
for dissemination of the CALLISTO data repository in the medium/long term. In particular, we anticipate that 
this repository format, will attract more and more researchers to gain more traction and citations by 

 Listing their generated datasets to the repository 

 Adding their implementations/code/pipelines as relevant to a number of the already included datasets 
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 Adding their research work and published papers as relevant to wherever this applies 

 Getting ideas for innovation and potentially implementing pipelines that exploit the recommended 
mappings between datasets and code 

All the above are considered of paramount importance towards gaining enough traction and attracting 
enough attention in order to turn the CALLISTO data repository to a community-maintained entity, that will 
be enhanced continuously, will be detached from the time frame of the CALLISTO project and will be 
unbound of the need for a specific team to maintain, leveraging the GitHub embedded functionalities fully. 

 

4.5. Dissemination 
The CALLISTO data repository will be disseminated during the project’s lifetime through a series of actions 
that will aim to raise awareness of its existence to the community, to encourage the use of the generated 
datasets and to attract contributors and maintainers. 

Actions for dissemination that are currently expected, along with the corresponding timeframe in project 
months can be seen in the following table: 

Table 8 List of Dissemination actions with regards to the CALLISTO Data Repository 

CALLISTO Data Repository - Dissemination activities planned 

Description of action Type 
Due Date 

(PM) 

Internal release and presentation to the CALLISTO consortium in 
the project’s Biweekly Technical meeting 

Presentations 15 

Blog post for the CALLISTO website Blog Posts 15/16 

Dissemination activities on the CALLISTO social media (twitter, 
LinkedIn etc.) 

Social Media Posts 15-36 

Dissemination activities on NOA social media (twitter, LinkedIn, 
Facebook, Instagram etc.) 

Social Media Posts 15-36 

References and citations in submissions for IVMSP 2022 Publications 15/16 

Internal presentation during the first physical meeting of the 
consortium (Plenary II) 

Presentations 17 

Promotion in Radiant MLHub Slack Server Announcements 19/20 

References and citations in future publications Publications 18-36 

YouTube videos in NOA channel. Focusing on generated datasets. 
Presentations and live demos. 

Social Media Posts 18-36 

CALLISTO Datathon / Hackathon Workshops/Hackathons TBD 
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5. Future work 
With most of the lifetime for task T4.1 lying ahead, ie. until M30 (June 2023), our efforts and plans for the 
future steps are revolving around 3 main axes. These are:  

 Improving the quality of the already generated datasets  

 Generating new data collections according to the needs of the WP4 tasks and the project’s PUCs  

 Continuous enhancement and dissemination of the CALLISTO data repository  

Both the improvements on the already generated datasets, as well as the generation of new data collections 
will be the result of state-of the-art DL methodologies and DL-related refinements to the already developed 
pipelines.  

For the Annotated Street-Level Images, as the volume of the collected data is quite large and includes many 
images of low-quality, No-Reference Image Quality Assessment is to be further improved. We aim to make a 
transition from BRISQUE to more sophisticated and efficient algorithms, thus DL architectures such as Meta-
IQA and Hallucinated-IQA will be tested with the appropriate modifications. Then, driven from our particular 
need for images of agricultural interest, we will be testing SOTA architectures for image classification, such 
as ResNet, EfficientNet and Vision Transfomers. Through this process, we will be generating a benchmark 
dataset of street-level images for crop classification, which will be also made available through the CALLISTO 
repository.  

As for the street-level image collection, new equipment was recently acquired for our own field campaigns 
in Cyprus, which is expected to greatly improve the average quality of the images, also rendering them 
appropriate for further CAP phase-in checks, like pesticide use.  

With our end goal being what we call “Space-2-Ground coverage”, we plan on creating a holistic dataset for 
CAP monitoring purposes which, through the matching of the various sources, will achieve having for each 
parcel the crop type along with Sentinel-1/2 time series and street-level images in the short-term. Then, in 
the medium/long-term, the plan is to incorporate VHR satellite data (eg. PlanetScope) and UAV data. Having 
all these sources available, will also enable the consideration of fusion on the measurement level and the 
decision level. 

With regards to the National Paddy Rice Maps, state-of-the-art models will be examined, and attention 
layers are planned to be integrated instead of RNN layers on the U-Net architecture in order to attempt to 
exploit the temporal features available. Then the attention-layer U-Nets will be compared to the RNN-layer 
U-Nets, not only to evaluate how they compare in terms of overall performance, but also in terms of tasks 
specific to early predictions where a limited number of values is available.  

Apart from the experimentation on the architectures, the plan is to also apply transfer learning and, thus, 
use the paddy rice classification model on a European area of interest (probably in Cyprus) for crop 
classification.  

Driven by the work done for the Paddy Rice Evaluation Sites dataset, which is the result of extensive efforts 
of photo-interpretation, the plan is to also perform it for the areas for which we got predictions by the deep 
learning model of the National Paddy Rice Maps dataset. This will help a lot in validating/verifying its 
performance and get more insights regarding the application of the planned improvements.  

For the Cloud Gap Filling dataset, which is work in progress, the optical and SAR imagery will be considered 
as a single data cube input. Spatio-temporal fusion will also be adopted in order to exploit the corresponding 
spatio-temporal features from the Sentinel-1 and Sentinel-2 SITS.  
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Regarding the CALLISTO Data Repository the plan is to release it and present it internally towards the end of 
Q1 2022, and to the general public during the beginning of Q2 2022. The dissemination plan includes various 
activities and actions, including articles for the CALLISTO website, engagement through our social media 
channels, a datathon, and various other activities that were presented in section 4.5. Also, we plan to 
constantly enhance the CALLISTO repository with more datasets, either collected or generated in the context 
of the project.  

Our end goal for the repository, is to achieve such a level of community engagement, that it will be rendered 
a community-maintained data repository, disconnected from the project’s time frame. On this end, we will 
particularly focus on the matching of the listed datasets with compatible implementations, so that we 
manage to trigger innovation and attract citations to the CALLISTO repository.  

On the side of the anticipated work around research & publications, there are already plans for the near 
future and especially for the 2nd year of the CALLISTO project. An indicative list for research publications 
involving T4.1, along with the subject and the partners involved is as follows:  

 Cloud gap filling using GANs on Sentinel-1 and Sentinel-2 data (CERTH/NOA - T4.1)  

 DL for generation of national paddy rice maps (KU/NOA - T4.1) 

 Benchmark Street-Level imagery Dataset for Crop Classification (NOA – T4.1/T4.2)  

 Benchmark dataset with S1, S2 and street-level images in Cyprus (NOA – T4.1/T4.2)  

 Transfer learning of paddy rice mapping models for barley classification in Cyprus (KU/NOA - 
T4.1/T4.2) 
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6. Conclusion 
This document presented the progress and achievements of T4.1 “Data availability for AI models and quality 
of annotated data using unsupervised learning” until project month 15.  

We started with the actions related to the data needs identification of the partners developing ML/DL 
technologies in the context of WP4 and for the needs of the CALLISTO PUCs. The process of building an initial 
data collection was presented with the collective work that paved the way for the CALLISTO data repository.  

The generated datasets were described, with particular focus on the methodologies applied for the 
generation of annotations, which involved the application of DL models, the application of data fusion 
techniques and photointerpretation.  

Then, the CALLISTO data repository was presented, together with information around the selection of the 
hosting platform, the categorisation of the included datasets, the ideas that have been adopted which aim 
to trigger innovation and community engagement, and the plan around the dissemination activities.  

Lastly, the future work mentioned through the document has been summarized, together with the 
anticipated research activities for the 2nd year of the project. 
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7. Annex 
7.1. Data needs questionnaire template 

Task 4.4 

Description of algorithms and data products 

Short description of the algorithms to be developed, the data products to be produced and their relation — 
if any — to the PUCs ++ mention the area of interest 
 
i. Algorithm 1 
ii. Algorithm 2 
iii. … 

Required input data for the aforementioned algorithms 

i. Algorithm 1 
1. Input data 1 
2. Input data 2 

ii. Algorithm 2 
1. Input data 1 
2. Input data 2 

iii. … 

Sources for the aforementioned input data 

i. Algorithm 1 
1. Input data 1 — source link and description 
2. Input data 2 — source link and description 

ii. Algorithm 2 
1. Input data 1 — source link and description 
2. Input data 2 — source link and description 

iii. … 

Annotated data/ground truth required for the aforementioned algorithms 

mention the need — training, validation, any other relevant information of their required usage 
i. Algorithm 1 

1. Annotated data 1 
2. Annotated data 2 

… 

Sources for the aforementioned annotated/ground truth data 

Please indicate if the source is missing altogether 
i. Algorithm 1 

1. Annotated data 1 (source link — if available — and description) 
2. Annotated data 2 

… 
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Issues and/or limitations for the aforementioned annotated/ground truth data 

Please provide context, PUC specific — if relevant, for the issues: i.e. cannot scale to other regions, data 
exists for other years and not the year of inspection, data exists for other regions but not for the region of 
interest 
i. Algorithm 1 

1. Annotated data 1 (quality, volume, timeliness, frequency, representativeness with respect to space 
and time) 

2. Annotated data 2 
… 

Requirements based on the aforementioned issues and/or limitations 

1. requirement 1 
2. requirement 2 
… 

Existing data annotation, data augmentation, quality control algorithms/processes that you currently 
use 

(also mention the relevance to the respective algorithms) 

Mention any other source that appears to solve your issues but did not know how and/or haven’t yet 
exploited them 

(if other sources have the required data that do not serve your area of interest, year of inspection, etc. 
should also be mentioned here) 
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7.2. Data needs questionnaire responses 

7.2.1. NOA 

Task 4.2 

Description of algorithms and data products 

Algorithms to be developed 
1. Multi-Layer Perceptrons (MLPs) 
2. Convolutional Recurrent Neural Networks (CRNNs) 
 
Data Products 
1. Crop classification (PUC1) 
2. Grassland outlier detection (PUC1) 
 
Areas of interest 
1. Netherlands — For the proof of concept purposes we may need to define an area of interest 

that is more specific and, in that case, we will potentially need to look at the area between 
Utrecht and Amersfoort (Google maps link) 

2. Cyprus — We already have contacts with Cypriot farmers’ associations and paying agencies 
from previous projects. Also, Accelligence, being a Cyprus-based company, it could 
potentially prove to be easier to fly the UAVs there. 

Required input data for the aforementioned algorithms 

For both the MLPs and CRNNs 
a. Satellite data 
b. LPIS 
c. Geotagged photos 
d. Street level imagery 

Sources for the aforementioned input data 

1. Satellite data 
a. Copernicus Access Hub 
b. VHR imagery (CSC DAP) 

2. LPIS 
a. Netherlands LPIS data (at least 10 previous years are available) 
b. Cyprus LPIS data (to be investigated — potentially available through this source after 

creating account, otherwise we’ll need to ask) 
3. Geotagged photos and street-level imagery 

a. UAVs 
b. CALLISTO mobile app 
c. Mapillary 

Annotated data/ground truth required for the aforementioned algorithms 

Similar to the previous section 

Sources for the aforementioned annotated/ground truth data 
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Similar to the previous section 

Issues and/or limitations for the aforementioned annotated/ground truth data 

MLPs and CRNNs 
1. Sentinel data and VHR imagery 

a. No particular issues with the sentinel data other than their availability being only for the 
last 5 years, which is because of the fact that that’s when the mission started. 

b. For VHR imagery we have certain limitations as quotas exist and they apply for the 
project as a whole. All partners need to come to a compromise in regards to the areas of 
interest that will be covered and the data acquisition frequency so that the quotas are 
respected and, at the same time, everyone gets a proper and fair share based on their 
needs. 

2. LPIS 
a. They become available late in the growing season each year 
b. Cyprus LPIS may not be open. This is currently under investigation and if that’s indeed 

the case we will communicate with the corresponding agency 
c. Possibility of data points that are incorrectly submitted 

3. Geotagged photos and street-level imagery 
a. Mapillary subscription is pending. Support has not yet responded to our request. Will 

follow up. 
b. Image segmentation that is taken care of by Mapillary out of the box, supports a limited 

set of tags and elements that are automatically detected. In our case, vegetation is 
recognised (which is useful), but nothing more specific (which is not) 

c. Frequency of street-level imagery will be limited, but given we plan to use these data 
mainly for validation, this is not a big problem for now. 

d. Farmer engagement for the use of the CALLISTO mobile app, which is our main source of 
geotagged photos. 

e. UAVs have a certain capacity for flight time, depending on their hardware (sensors, 
GPUs, etc) and the algorithms that will be running at the edge. 

f. UAVs will most probably have to be in line of sight during their flight as this is a 
regulation-related obligation. Otherwise, there are certain certifications for flights with 
no visual contact which are not easy to acquire. 

g. Covid-19 related limitations may pose a risk on the equipment that will need to be 
ordered and delivered on time. 

Requirements based on the aforementioned issues and/or limitations 
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1. Sentinel data and VHR imagery 
a. Not much at the moment other than coming to an agreement for the VHR imagery based 

on the collectively available quota. 
2. LPIS 

a. Investigate further on the Cyrpus LPIS and if not openly available, then communicate 
with the corresponding Cypriot agency. 

3. Geotagged photos and street-level imagery 
a. Follow up with Mapillary 
b. Potentially subscribe to the shape of Cyprus, in addition to that of the Netherlands that 

we have already asked for 
c. Investigate on the Mapillary API to fully understand what it can give us and where its 

limitations currently are 
d. Contact farmer associations and agencies that are interested (in Netherlands and Cyprus) 

regarding engagement and the use of the mobile app. 
e. Inference at-the-edge is to be clarified further and will strongly impact the final design 

and the power requirements (and thus the UAV range) 

Existing data annotation, data augmentation, quality control algorithms/processes that 
you currently use 

No input for this at the moment 

Mention any other source that appears to solve your issues but did not know how and/or 
haven’t yet exploited them 

No input for this at the moment 
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7.2.2. RBINS 

Task 4.3 

Description of algorithms and data products 

Atmospheric correction for inland waters (PUC2) 
Non-ML products 
Description: Current atmospheric correction (AC) products for the retrieval of water leaving 
reflectance ignore contamination of adjacency effect (light reflected by nearby land within the 
field of view of the sensor) and sun glint at high spatial resolution. These contamination affect 
the accuracy of the retrieved water reflectance and in particular at high spatial resolution. Task 
4.3 will use the existing AC algorithm ACOLITE  
(https://odnature.naturalsciences.be/remsem/software-and-data/acolite), with 
improvements (to be developed in the frame of CALLISTO) to account for sun glint and 
adjacency effect. The modified AC algorithm will be validated with in situ data. 
Data products: 
- Daily water leaving reflectance from Sentinel 2A en B and Landsat 8 
- When available, water leaving reflectance data scenes from Very High-Resolution satellite 
images (eg. Planetscope and Pleiades) 
 
Water quality products (PUC2) 
Non-ML products 
1. Chl-a products 

a. Description: Lavigne H. & Van der Zande D. & Ruddick K. & Cardoso Dos Santos J. & 
Gohin F. & Brotas V. & Kratzer S. Quality-control tests for OC4, OC5 and NIR-red satellite 
chlorophyll-a algorithms applied to coastal waters (2020) Remote Sensing of 
Environment, Vol. 1 p. 1 

b. Data products: Chl-a products 
2. TSM products 

a. Description: Nechad et al. 2010 (possibly adapted) 
b. Data products: Total Suspended Matter 

3. Pigment presence 
a. Description: Algorithm adapted from Kutser et al. (2008), Simis et al. (2007), Wozniak et 

al. (2016) for the retrieval of cyanobacteria with hyperspectral data and references 
therein. Within the frame of the CALLISTO project, algorithms to detect presence 
(concentration) of pigments related to algal blooms will be improved and validated. 

b. Data products: Presence of pigments related to algal blooms 
 
ML products 
Same as Non-ML products but with Machine Learning technologies using: 
1. hyperspectral in-situ data 
2. multispectral satellite data (including spatial variability over the reservoir) 
 
Area of Interest (PUC2) 
Blankaart 
1. Site location: 50.9882 Lat, 2.8303 Lon 
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2. 1km BOX: 50.9927218586648°  (Upper  Lat),  2.8243113470612  (Upper  Lon), 
50.9836781413352° (Lower Lat), 2.83628865293874° (Lower Lon) 

3. Sentinel-2 tile: T31UDS 
 
Turin Lagoon 
1. Site location: 44.964225° N; 7.696169° E 
2. 1km BOX: to be defined (dimension of lagoon is 700x217m) 
3. Sentinel-2 tile: to be checked 

Required input data for the aforementioned algorithms 

Atmospheric correction for inland waters 
1. L1C Sentinel 2A en B 
2. L1C Landsat 8 
3. (When available) scenes from Very High-Resolution satellite images (eg. Planetscope and 

Pleiades) 
4. Hyperspectral in situ data for validation 
 
Water quality products 
Non-ML products 
1. Chl-a products: same as for Atmospheric correction + sampling data from de Watergroep 

and SMAT for validation 
2. TSM products: same as for Atmospheric correction + sampling data from de Watergroep 

and SMAT for validation 
3. Pigment presence: same as for Atmospheric correction + sampling data from de Watergroep 

and SMAT for validation 
 
ML products 
Same as for Atmospheric correction + sampling data from de Watergroep and SMAT for 
training and validation 

Sources for the aforementioned input data 

Atmospheric correction for inland waters 
1. Sentinel 2A en B 

a. L1C sentinalAPI and CREODIAS (source may change, ONDA?) 
b. L2 processed by REMSEM/RBINS operational processor 

2. Landsat 8 
a. L1C (https://earthexplorer.usgs.gov/) 
b. L1 processed by REMSEM/RBINS (not yet in the operational processor) 

3. (When available) scenes from Very High-Resolution satellite images (eg. Planetscope and 
Pleiades) 
a. L1C to be defined (currently non-automatic data collection but scene by scene via project 

funding and other) 
b. L2 processed by REMSEM/RBINS 

4. Hyperspectral in situ data for validation 
a. https://waterhypernet.org/ (source may change, ONDA?) 
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Water quality products 
Non ML products 
1. Chl-a products: Same as for atmospheric correction + sampling data from de Watergroep 

and SMAT (data distribution/sharing platform/server to be defined) 
2. TSM products: Same as for atmospheric correction + sampling data from de Watergroep 

and SMAT (data distribution/sharing platform/server to be defined) 
3. Pigment presence: Same as for atmospheric correction + sampling data from de Watergroep 

and SMAT (data distribution/sharing platform/server to be defined) 
 
ML products 
Same as for atmospheric correction + sampling data from de Watergroep and SMAT (data 
distribution/sharing platform/server to be defined) 

Annotated data/ground truth required for the aforementioned algorithms 

Water quality products 
ML products 
• Pigment presence: Annotated data required for algal bloom presence 

Sources for the aforementioned annotated/ground truth data 

Water quality products 
ML products 
• Pigment presence: Sampling data from de Watergroep and SMAT 

Issues and/or limitations for the aforementioned annotated/ground truth data 

PUC2 
Validation data for atmospheric correction for inland waters 
• In situ data for AC validation are available for Blankaart but not for Turin lagoon 
 
Temporal overlap between datasets 
• Temporal overlap between sampling data and sensor data (in situ and satellite) 
 
Spatial variability 
• Merge point specific hyprespectral in situ measurements and sampling data with spatially 

variable multispectral satellite data 
 
Temporal variability 
• Merge point specific hyprespectral in situ measurements with daily/weekly (due to cloud 

cover and data availability) satellite data 
 
Need for hyperspectral data for pigment presence (ML and non-ML) 
• Pigment presence detection required hyperspectral data while satellite data are 

multispectral (ML technologies to convert multispectral to hyperspectral?) 
Limited data volume for ML techenologies 
Amount of satellite data is limited due to cloud cover and flagged pixels (high uncertainty when 
sun glint and adjacency effect can not be corrected) 
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Temporal overlap between satellite images, grab sampling data and in situ reflectance data is 
limited 

Requirements based on the aforementioned issues and/or limitations 

1. Water leaving reflectance validation data for Turin Lagoon 
2. Convert multispectral data to hyperspectral data 
3. Merge point specific data with spatial variable satellite database 
4. Merge hourly in situ data with daily/weekly satellite data 
5. (Based on 2,3 and 4) provide a high temporal, spatially variable hyperspectral data for the 

detection of algal blooms 

Existing data annotation, data augmentation, quality control algorithms/processes that 
you currently use 

1. Non-ML algorithms: (see sections above) 
2. ML algorithms: to check with CERTH 

Mention any other source that appears to solve your issues but did not know how and/or 
haven’t yet exploited them 

- 
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7.2.3. DRAXIS 

Task 4.4 

Description of algorithms and data products 

Air Quality forecasting based on Machine Learning 
The goal is to produce a Machine Learning algorithm that can forecast the levels of outdoor air 
pollution in specific areas of PUC2, and produce as output the forecast concentration of 
various pollutants supported by the available data. 

Required input data for the aforementioned algorithms 

Air Quality forecasting based on Machine Learning 
a. Air pollution levels and air quality data (historical actual data) 
b. Air pollution levels and air quality data (historical predictive data for evaluation of accuracy) 
c. Weather conditions data 
d. Topographical/geographical data 
e. (Optional) Traffic data 

Sources for the aforementioned input data 

a. DRAXIS AQHub air quality data repository (internal). DRAXIS maintains a comprehensive 
repository of air quality data, containing air quality measurements from ground-based 
stations and low-cost sensing devices owned by citizens and all provided as open data. 
AQHub also includes estimations of various Air Quality Indices. 

b. CAMS air quality forecast data (internal). DRAXIS maintains historical forecast data obtained 
from CAMS, which can be used to compare and evaluate the performance of the resulting 
model 

c. DRAXIS internal weather data repository. Comprehensive dataset of weather parameters 
that can affect air pollution. 

d. Copernicus Land Monitoring data (https://land.copernicus.eu/). Datasets covering 
geographical data features, which may affect air pollution levels 

e. CAMS emission data, that can be used as input data for the forecasting algorithm 
f. (Optional) Traffic data in various areas 

Annotated data/ground truth required for the aforementioned algorithms 
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a. AQHub air quality data are relevant to the air pollution levels and the air quality index. The 
data will be used for training and for validating the model 

b. CAMS forecast data are centered around air quality, thus they can be used to further train 
and validate the model. In addition, CAMS forecast data can be used to compare the 
prediction accuracy between CAMS and our model, and further evaluate our results 

c. Weather data will be used as independent variables affecting the air pollution levels. They 
will be integrated with air quality data and used in the training and validation steps of the 
model creation 

d. Topology and geography data will also be integrated with air quality data, providing a wider 
array of potentially relevant variables for training and validation. In addition, topology and 
geography data can be used to generalize the locations, and remove locality constraints 
from the predictions 

e. Εmission data can be used as independent variables affecting the air pollution levels 
f. Optionally, traffic data can also be used for training and evaluating the model’s accuracy. 

This part of the data is under consideration 

Sources for the aforementioned annotated/ground truth data 

a. DRAXIS AQHub air quality repository data 
b. CAMS forecast data stored in AQHub and obtained from CAMS 
c. DRAXIS weather data 
d. Copernicus Land Monitoring Sevice (https://land.copernicus.eu) 
e. CAMS emission data 
f. Under consideration (no specific source yet) 

Issues and/or limitations for the aforementioned annotated/ground truth data 

a. There is an abundance of AQHub air quality data. The data are representative and frequent, 
but there are no independent variables on this dataset, so it cannot be used independently. 
There is also a high possibility that no data exist for the locations of interest. 

b. As with AQHub air quality data, there are no independent variables that allow the dataset 
to be used independently 

c. No known issues at this time 
d. No known issues at this time 
e. No source available at this time — the inclusion of traffic data is still under consideration 

Requirements based on the aforementioned issues and/or limitations 

1. Air quality data provided by AQHub and by CAMS forecast will need to be integrated and 
fused with weather, topology, emissions and (optionally) traffic data. This will provide us 
with a representative and robust dataset that will correlate independent variables that can 
affect air pollution with the associated pollutant levels and AQ indexes. The data will then 
need to be augmented quality-wise, and checked for needless features, missing values, etc. 

Existing data annotation, data augmentation, quality control algorithms/processes that 
you currently use 

N/A 
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Mention any other source that appears to solve your issues but did not know how and/or 
haven’t yet exploited them 

N/A 
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