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Abstract

:

The European Programme Copernicus, one of the principal sources of free and open Earth Observation (EO) data, intends to sustain social and economic advancements to the European Union. To this end, User Uptake initiatives have been undertaken to increase Copernicus awareness, dissemination, and competencies, thus supporting the development of downstream applications. As part of the activities performed in the EO-UPTAKE project, we illustrate a set of application scenario workflows exemplifying usage practices of the data and tools available in the Copernicus ecosystem. Through the know-how gained in the design and development of the application scenarios and the bibliographic analysis on downstream applications, we discuss a series of practical recommendations to promote the use of Copernicus resources towards a wider audience of end-users boosting the development of new EO applications along with some advice to data providers to improve their publication practices.
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1. Introduction


In December 2019, the European Environment Agency (EEA) (https://www.eea.europa.eu/, accessed on 10 November 2021), in the “European Environment—State and Outlook 2020” (SOER) report [1], detailed the scale and urgency of Europe’s current environmental, climate and sustainability challenges. In responses to these challenges, the European Commission (EC) adopted the European Green Deal (EGD) road map document [2] for the EU’s climate action plan. The road map provides a framework for ambitious actions and measures towards European sustainability.



Amongst these measures, the EU suggested the adoption of a new eighth Environment Action Programme [3] aiming to set out the direction for EU environmental and climate policy action up to 2030, and to support the implementation and the effective enforcement of environmental and climate policies and legislation to achieve the 2030 greenhouse gas emission reduction target and climate neutrality by 2050. Recognizing the role of data, EGD recommends to exploit the potential of digital technologies and data to support environmental policy and outlines the use of satellite observations as a strategic enabler to reach its objectives.



Specifically, EEA is requested to support the Commission in improving the availability and relevance of data and knowledge, among others, by “integrating data on environmental, social and economic impacts, and exploiting fully other available data, such as those delivered by Copernicus” ([3], p. 13). Accordingly, as one of EGD main goals is to achieve zero net emissions of greenhouse gases in 2050, as well as protecting, conserving, and enhancing the EU’s natural capital, the European Earth observation program Copernicus (https://www.copernicus.eu/, accessed on 10 November 2021) has a crucial role in implementing and monitoring these key objectives.



Launched in 1998 by the EC and the European Space Agency (ESA), Copernicus provides free access to near real-time data, collected by dedicated EO satellites called Sentinels, in situ observations, and a set of core information services essential to help manage global security and the environment. Its continuity of observations with high-frequency satellite images for atmospheric, oceanic, and terrestrial monitoring substantially benefits socio-economic as well as smart and sustainable growth, promoting the development of innovative solutions in many sectors, prompting the realization of the EGD priorities for implementing the EU climate plan.



While the provision of Copernicus data and the implementation of related services have advanced enormously, it became urgent to support the users and uptake of Copernicus services and data-sets [4,5]. In fact, as in the case of other public Open Data resources [6,7,8,9,10], Copernicus data and information remain under-exploited, and further efforts are needed to engage users [11].



Acknowledging this issue, the EC delivered, in 2016, a Space Strategy for Europe to encourage the uptake of space services and data [4] and to support research, innovation, and the development of skills for space and EO. Currently the need for uptake action is still explicitly recommended in the EEA-Eionet Strategy 2021–2030 [12].



The EU-funded Italian regional project EO-UPTAKE (www.gisig.eu/projects/eouptake/, accessed on 10 November 2021), in line with the EC promoted initiatives supporting the use of Copernicus data and services among a broader range of downstream sector’s user communities, aims to increase the diffusion of Information Technology (IT) and Remote Sensing (RS) knowledge and skills regarding the Copernicus ecosystem in the Ligurian production framework.



By bridging the worlds of research and the Small and Medium Enterprises (SMEs) and utilities involved in the environmental sector, EO-UPTAKE aims to disseminate the capacity for innovation and technology transfer towards a productive system in which companies and public bodies can benefit from Copernicus resources in the implementation of innovative and shared territorial applications.



Based on the ongoing EO-UPTAKE activities, the paper presents a double contribution. Through the discussion of four application scenarios, we exemplify how and with what data and tools users with primary IT and RS skills can benefit the Copernicus ecosystem to develop applications of immediate practical use.



Furthermore, in the light of the experience gained in developing these scenarios and based on a review of the literature on the downstream applications in different sectors, we supply a set of recommendations to make users aware of the potentiality of the Copernicus resources and to encourage their use and integration with other Open Data sources as well as advice to data providers to improve their publication practices.




2. Copernicus Background


In the Copernicus program data value chain, i.e., the process of creating, collecting, publishing, and adopting data, the downstream sector plays the essential role of transforming the spatial data produced by satellite platforms into EO products and services directly usable by the end-users [13]. The actors involved in this transformation process, also called intermediate users, are generally experts in EO [14], such as “Value-Added Services (VAS) and geo-information companies, whose core business is to process satellite EO data and turn it into geo-information products” ([13], p. 17).



End-users may be “the citizens benefiting from a better air quality or reduced pollution of groundwater” ([13], p. 48) as well as the “institutional actors (e.g., meteo agencies, emergency services, forestry offices, scientific laboratories…) and private ones” ([15], p. 9). Those users’ main activity is usually not centered on EO and, not generally being experts in EO, they rely on intermediate users for accessing geo-referenced information as relevant inputs for their business.



In some cases, however, end-users with IT skills, but not EO experts, could combine, through their in-house resources, the obtained geospatial products, with their “relevant sources of information for their business (e.g., the type of crops, the function of the infrastructure, the profile of their customers, the relationships of their agents, etc.)” ([14], p. 14).



On the other hand, users “with at least some form of training in Earth observation/geo-information” ([5], p. 12) could use Copernicus products and services to implement simple application scenarios for studying and analyzing a particular terrestrial phenomenon, without necessarily having to outsource the task to intermediate IT companies [15]. In the following, we mainly address these two types of end-users to provide them with some recommendations that we matured during the study and hands-on activities with tools and products of the Copernicus ecosystem used to develop application scenarios in the course of EO-UPTAKE.



2.1. Sentinel Satellites and Copernicus Ecosystem


The Copernicus space component consists of two types of satellites: the EU-owned Sentinels constellation, which has been specifically designed to meet the needs of the Copernicus services and their users, and missions from other space agencies, called Contributing Missions, which exist independently and deliver complementary data. ESA and the European Organisation for the Exploitation of Meteorological Satellites (EUMETSAT (https://www.eumetsat.int, accessed on 10 November 2021)) are in charge of the development of the program’s space component.



Currently, three Sentinel missions, namely Sentinel-1 (S-1A, S-1B), Sentinel-2 (S-2A, S-2B), and Sentinel-3 (S-3A, S-3B), plus two single satellites, Sentinel-5 Precursor (S-5P) and Sentinel-6 Michael Freilich (S-6), are in orbit. The latter, being a joint partnership between the National Aeronautics and Space Administration (NASA) and ESA after its twin will be launched in 2025 and will “measure sea level down to the centimeter for more than 90% of the world’s oceans” (https://www.nasa.gov/sentinel-6/overview, accessed on 10 November 2021). In the next few years, two missions, Sentinel-4 (S-4) and Sentinel-5 (S-5), targeting monitoring air quality, will be sent in orbit, extending the constellation. Table 1 synthesises Sentinel main features.



Sentinel products are distributed using a SENTINEL-specific variation of the Standard Archive Format for Europe (SAFE (https://Earth.esa.int/SAFE/, accessed on 10 November 2021)) specification. The SAFE format has been designed to act as a common format for archiving and conveying data within ESA EO archiving facilities. The SENTINEL-SAFE format (https://sentinels.copernicus.eu/web/sentinel/user-guides/sentinel-1-sar/data-formats/safe-specification, accessed on 10 November 2021) wraps a folder containing image data in a flexible binary data format and product metadata in XML. This flexibility allows the format to be sufficiently scalable to represent all levels of SENTINEL products.



The directory folder contains a collection of information: a ’manifest.safe’ file that holds the general product information in XML, subfolders for measurement datasets containing image data in various binary formats, a preview folder containing ’quicklooks’ (in different formats for different missions), an annotation folder containing the product metadata in XML as well as calibration data, and a support folder containing the XML schemes describing the product XML or HTML preview. The folder’s wrapped information varies according to the Sentinel mission and the pre-processing levels, and it is detailed in a ’data format’ section of the Sentinel’s user guide (https://sentinels.copernicus.eu/web/sentinel/user-guides, accessed on 10 November 2021).



Copernicus provides Sentinel products obtained by raw data processing at various levels, allowing users to choose the processing level best fitting their purposes. Different satellite missions present different classifications; however, in general pre-processing levels range from 0 to 4, bringing different information along with each level. Level 0 products are raw data at full instrument resolution, while at higher levels the data are converted into more readily usable metrics and formats. Copernicus products are supplied in the following three processing levels:




	
Level-0 data (L0), raw data. They are not not disseminated to all users.



	
Level-1 data (L1), products derived by L0 pre-processing based on radiometric and geographic positioning corrections.



	
Level-2 data (L2), products derived from L1 pre-processing, characterized by a scene classification. For S-2, an atmospheric correction is applied to the Top-Of-Atmosphere orthoimage and the main output is a Bottom-Of-Atmosphere corrected orthoimage (i.e., Level-2A). For S-3, the bands for sea surface temperature, land surface temperature, and fire radiative power are computed.








Copernicus also provides six core services (https://www.copernicus.eu/en/copernicus-services, accessed on 10 November 2021) free of charge, which transform Sentinel products for six thematic areas (i.e., land, sea, atmosphere, climate change, emergency management and security) in ready-to-use information. The Copernicus Land Monitoring Service (CLMS) provides geographical information on land-cover and use for the development of applications in a wide range of areas, such as agricultural and food security, forest management, water management, nature conservation, and restoration.



The Copernicus Emergency Management Service (CEMS) encompasses an early warning component about risk assessments for floods and forest fires and a mapping component that provides map and geo-information resources for all types of natural and man-made disasters. The Copernicus Atmosphere Monitoring Service (CAMS) is at the forefront of the monitoring efforts through its data on CO   2  , such as global and regional forecasts and analyses of air concentrations, as well as monthly surface fluxes.



The Copernicus Marine Service (CMEMS) provides relevant information for the marine renewable energy sector, where information about ocean currents, waves, sea level, salinity, and temperature support the safer implementation of energy platforms at sea.



The Copernicus Security Service (CSS) focuses on crisis prevention, preparedness, and response in three domains: border surveillance, maritime surveillance, and support to EU External Action. It supports EU policies by providing information in response to security challenges, and its use is restricted to authorized users. The Copernicus Climate Change Service (C3S), provides authoritatively and quality-assured resources about the past, present, and future climate.



These services have subsequently reached different degrees of maturity as they have been released: in 2012 for CLMS and CEMS, in 2015 for CAMS and CMEMS, in 2017 for CSS, and in 2018 for C3S. Although these services partly bridge the gap between Copernicus data and end-users, “there is still, in most cases, a final step to be made by intermediate users to tailor solutions to end-users’ needs” ([5], p. 12).




2.2. Copernicus User Uptake


The Copernicus program is expected to provide important strategic, social, and economic benefits to the EU. According to the latest EU report on the EO data market [14], the volume of data provided by Copernicus in 2019 was around 150 terabytes every day, with economic benefits estimated at €16.2 and €21.3 billion in the period 2018–2020, and a constantly growing number of users (currently 780,000). Notwithstanding these promises, as for other public and research Open Data [6,8], Copernicus data have value only if they are used across a wide range of applications in various thematic sectors to meet specific public or commercial needs, resulting in new opportunities for society and economy.



This fact is clearly expressed by the EC Communication on the Space Strategy for Europe that stated that “The potential of space solutions has not yet been fully exploited, and nor have the wider possibilities offered by space data” [4]. The number of heterogeneous EO resources supplied and the breadth of different user communities potentially interested require new skills to realize Copernicus’s full potentials [16].



Copernicus user uptake activities are essential to maximizing the adoption of Copernicus resources. To this end, the EU report about Copernicus User Uptake [16] fosters an effective user engagement strategy for the Copernicus Programme, supporting an ecosystem of service providers, public or private, able to transform space data into accessible and usable information and promoting the use and uptake of Copernicus products, services, and good practices towards a wider users audience.



Accordingly, the Commission focused on three objectives: to increase awareness, to facilitate access to Copernicus resources, and to support downstream actors [13]. To meet these goals, the EC has promoted several initiatives, such as the Copernicus Relays and the Copernicus Academy Network [5,17]. Copernicus ambassadors ensure that information on the benefits and potential applications of the program are unleashed at the local level with Relays. On the other hand, the Copernicus Academy connects universities and research institutes with authorities and service providers, enhancing cooperation and research as well as preparing teaching and training materials.



The ambition of such initiatives is to boost “the development of the professional skills needed by the potential users of space data, where a key added value is given to merging skills and knowledge from different sectors, in particular, transversal skills such as IT, GIS and data-handling skills” ([5], p. 81).



Following this vein, EO-UPTAKE is a two-year project, started on November 2019 under the European Social Fund, Liguria Region 2014-2020, to support the EC strategy for User Uptake, by promoting the development and the dissemination of competencies related to Copernicus resources access and usage. EO-UPTAKE aims to strengthen the existing ecosystem of skills and foster the use and integration of such resources supporting innovative applications for end-users [18].



The project is centered on the training of a young environmental-sciences researcher for increasing their “technical skills regarding processing of RS data”([16], p. 440) and the subsequent transfer of their newly acquired competencies to potentially interested business end-users. Guided by those objectives, the project focuses on designing and implementing several exemplary application scenarios for the Agriculture, Forestry, Urban monitoring, and Natural disasters management user segments (also known as “value chains” [14], p. 27).





3. Literature Review on Copernicus Downstream Applications


To properly frame EO-UPTAKE’s agenda, we analyzed the literature reporting the rationales and findings of Copernicus downstream applications in some of the promising user segments listed in the EC Copernicus Market report: Agriculture, Forestry, Urban monitoring, Coastal And Marine Exploitation and Preservation, Renewable Energies, Air quality management, and Management of natural disasters [14]. Table 2 synthesizes these contributions.



Agriculture—In the digital farming field, the work of Meier et al. [19] highlights the positive impacts of S-2 products for agricultural policies and smart farming applications, while the work of Lilienthal et al. [20] discussed the use of S-1 and S-2 products in the framework of a national project to involve farmers in digital farming, thus, to enhance and optimize agricultural production in Germany.



Drost et al. [21] presented a study on water and drought management, proposing an architecture for processing heterogeneous in situ and RS data enabling the integration of S-1 and S-2 with hydrological models for a water monitoring program involving the agricultural sector, water industry associations, and water suppliers.



Pulvirenti et al. [22] presented software designed for the systematic mapping of surface soil moisture using S-1 data, useful both for agriculture and Civil Protection tasks.



Wolanin et al. [23] and Vuolo et al. [24] presented two methods for crop monitoring and classification, exploiting, respectively, S-2 and Landsat (by NASA (https://www.nasa.gov, accessed on 10 November 2021)) products to train a neural network model able to estimate a crop’s gross primary production and S-2 optical images to assess the value of multi-temporal information for crop-type classification with the Random Forest Classifier [25].



Borgogno-Mondino et al. [26] proposed a method based on S-2 band computation for the detection of plastic-covered vineyards describing the different spectral responses of the vines compared to the uncovered ones.



Forestry—Li et al. in [27] discriminated treed and non-treed wetlands in boreal ecosystems using an S-1 product time-series. The authors explored the potential of within-year time series of C-band SAR observations from the data archive.



Tavares et al. [28] proposed methods for mapping land-cover and vegetation types with supervised classification algorithms on S-2 images and performing biomass assessment according to S-1 data, while Ottosen et al. [29] proposed an unsupervised classification method on S-2 bands combination to assess tree coverage and forest mapping.



Palas et al. [30] employed a set of 15 vegetation indices to monitor tree-logging activities with S-2 optical images in Białowieża Forest, which is one of the last and largest remaining parts of the immense primeval forests in Europe.



Fonseca et al. [31] assessed the connectivity of riparian forests located in two distinct European bio-climatic regions when subject to a gradient of human disturbance, leveraging ready-to-use layers of ’actual riparian zones’ and ’potential riparian zones’, provided by CLMS and also comparing them with a ’Manual Riparian Zone’ layer “produced by manually digitizing riparian vegetation patches over a very high-resolution World Imagery layer” ([31], p. 1).



Urban Monitoring—Since numerical modeling has become a valuable tool for analyzing detailed urban meteorology and to design urban climate services, works, such as that of Masson et al. [32], highlight the role of S-1, S-2 products, and the Copernicus Urban Atlas’ resources (https://land.copernicus.eu/local/urban-atlas, accessed on 10 November 2021), in their survey discussing climate model requirements and the recent developments in urban monitoring.



In the context of progressive urbanization and industrialization, the phenomenon of Urban Heat Islands (UHIs) was investigated with multiple perspectives [33] and by exploiting Copernicus S-3 products: Shumilo et al. [34] assessed the UHI effect for a single urban area considering green areas and population density distributions, while Sobrino et al. [35] proposed a new method to assess and compare UHI values of urban agglomerations around the world. Finally, Hidalgo Garcia et al. [36] determineed nightly factors that enhanced the UHI effects in different seasons.



Of particular interest, among RS urban planning applications, is the change-detection techniques for impervious surface monitoring: Lefebvre et al. [37] presented a data fusion method exploiting S-2 images to monitor urban areas that compute high resolution impervious layers, more updated than those provided by CLMS.



Shrestha et al. [38] employed S-1, S-2 products as input data for a land-cover supervised classification approach with the Random Forest classifier on Pakistani cities.



Coastal And Marine Exploitation And Preservation—Two applications addressing shipping and ice navigation were presented by Staneva et al. [39] and Bensoussan et al. [40]. The former explores the synergy between the CMEMS Monitoring and Forecasting Centres model outputs and the newly available Satellite products (S-3). The authors outlined how the joined satellite and model show the potential benefits of merging observational and Copernicus resources.



In [40], S-3 products were used for monitoring protected area SST (Superficial Sea Temperature) in the Mediterranean Region, by combining RS LST images and in situ monitoring systems. The authors posited that this combination “is a pillar to enhance our understanding of climate change impacts in coastal areas”. S-3 Ocean and Land Color Instrument (OLCI) images were used as well by Van et al. [41] in the evaluation of the state of eutrophication of the North Sea, as they provide information on the color of the ocean used to identify the concentration of chlorophyll.



Poursanidis et al. [42] discussed the exploitation of S-2 products for coastal habitat mapping and satellite-derived bathymetry estimation using coastal aerosol band and providing maps of the dominant Mediterranean coastal marine habitats and the bathymetry in three survey sites in the East Mediterranean.



Minnett et al. [43] compared various sources of data for SST assessments and variations in relation to climate change, highlighting the advantages of the S-3 products.



Renewable Energy—Morin et al. [44], in collaboration with the European Centre for Medium-Range Weather Forecasts (ECMWF (https://www.ecmwf.int/, accessed on 10 November 2021)), proposed an approach for resource management in a mountainous environment, for assessing “past and future operating conditions of ski resorts at the pan-European scale in the context of climate change”, leveraging C3S resources. Alfadda et al. [45] proposed a irradiance forecast method using aerosol measurements by CAMS regarding solar energy production.



Air quality management—Huijen et al. [46] presented an air pollution monitoring study, analyzing the effects on air quality after a huge wildfire by exploiting CAMS resources. In the urban context, Baklanov et al. [47] presented an application supported by CAMS resources to build urban services meeting the special needs of cities through a combination of dense observation networks, high-resolution forecasts, multi-hazard early warning systems, and climate services for reducing emissions, thus, enabling the building of resilient, thriving sustainable cities.



Tchepel et al. [48] proposed two approaches to characterize urban background pollution levels for regional operational forecasts, exploiting CAMS freely available data on air pollution forecast from global and regional models and the “Chemical Transport Model” from the national forecast system of Portugal. Air quality monitoring was also performed in rural areas for specific climate-affecting compounds [49] and for the prediction and validation of forecasting for severe pollution events [50].



Management of Natural Disasters—Risk forecast applications target emergency situations, e.g., for the monitoring of landslides, exploiting S-1 SAR products, and interferometric change-detection techniques [51,52,53] or for investigating ground displacements due to changes in the permafrost layer [54].



The work of Carlà et al. [55] used Satellite SAR Interferometric techniques to identify precursors to catastrophic slope failures. Devries et al. [56], in the hydrology field, addressed the monitoring of almost-real-time flood events by integrating S-1 and Landsat products.



Wildfire hazards from heat stress were assessed by Vitolo et al. [57], leveraging CEMS data-sets for fire danger forecasts (produced by ECMWF, which has the role of computational forecast center of the CEMS), in order to launch a multi-hazard early warning system.



Romero et al. [58] proposed a method for monitoring post-event floods and landslides along coastlines, leveraging the integration with Copernicus S-1 SAR products, together with ERS 1 and 2 satellite mission (https://Earth.esa.int/eogateway/missions/ers/description, accessed on 10 November 2021) data.



Applications for rapid mapping and post event risk analysis were presented in Doxani et al. [59] and Caballero et al. [60]. The former’s work realized flood mapping over agricultural areas, thus, improving the efficiency of the decision-making process on agricultural aid and reimbursement by reducing the number of in situ visits and minimizing the costs and delays of controls. S-1 and S-2 products were used to compare the area of interest (AOI) before and after flooding events. The reference for result evaluation was the corresponding information delivered by CEMS.



The latter specifically considers a 2019 flooding event in southern Spain, proposing a method for the creation of pre- and post-flood composite images obtained to identify change detection and mask water pixels with S-2 products.



Floods are monitored as well in the post risk forecasts application presented by Rossi et al. ([61], p. 145), where the authors proposed a set of automated services for weather forecasts, for providing “qualitative feedback for meteorological models, detecting the occurrence of an emergency event and extracting informative content that can be used to complement the situational awareness”, leveraging the availability of weather forecasts, event detection techniques (supported by CEMS) and selective information retrieval from on-line social media.



A web application for the rapid mapping of floods was proposed by Da et al. [62], delineating flood-prone areas and reproducing the reference flood maps for the 64 sub-catchments of the Po River. This application leverages the CLM service EU-DEM v1.0, a digital surface model available as a core service resource.




4. Application Scenarios


The primary activity of EO-UPTAKE concerns the definition and implementation of a set of application scenarios (ASs) with the key objective of developing competencies and skills in the use of Copernicus data and information to be transferred from the field of applied research to that of the productive sector.



In this perspective, a primary and fundamental role is played the self-training process, which took place after attending a couple of short specific courses on remote sensing and Copernicus data, carried out by the first author of the paper, a young researcher of environmental sciences but with little previous experience in the RS sector and satellite data. The design and implementation of several exemplary ASs constituted a very useful test-bed for experimenting with the new notions acquired and for learning through hands-on training with the tools and data of the Copernicus ecosystem.



In the spirit of the EO-UPTAKE project of transferring the acquired skills to users in similar starting conditions (i.e., little or no RS and Copernicus skills) but with a sufficient background in Earth sciences, we present, in this section, the results of this training process, first providing an overview of the typical workflow of applications based on satellite data, a summary of the open-source tools used, and a sufficiently detailed description for each ASs of the main problems and the technical solutions adopted.



In light of the literature on downstream applications and the interests of the project partners, we present below the four implemented ASs relating to the Natural Disaster Management, Agriculture, Forestry, and Urban Monitoring user segments.



4.1. Sentinel-Based Workflow


The four application scenarios, namely AS1, AS2, AS3, and AS4, operationally share the same workflow structure, typical of many applications based on satellite products [35,60,63,64] (Figure 1).



The first phase concerns the selection and download of the Sentinel products appropriate for the AS, followed by a pre-processing sequence of steps related to product quality check, resampling, and reprojection, which make the data ready for the core stage of the workflow: the processing that transforms the input products into the application-specific parameters. Integration with other third-sources data can occur either during the processing phase itself or when preparing the presentation of results.



Sentinel products are downloadable through various access points, such as the Copernicus Open Access Hub and the Copernicus Space Component Data Access system provided by ESA, or the Copernicus Online Data Access point and the EUMETCast platform supplied by EUMETSAT. For our AS development, we selected the Copernicus Open Access Hub (https://scihub.copernicus.eu/, accessed on 10 November 2021), since it provides an immediate and easy interface to Sentinel products.



Although free of charge, and open, users must register on the Hub to download Copernicus data. Data remains online on the Hub for a period ranging from 6 months to 1 year, after which it is archived according to the ESA rolling plan (https://sentinel.esa.int/documents/247904/3677657/4_DHUS+Evolution+for+On-line+Access.pdf, accessed on 10 November 2021). Once archived on the long-term archive (LTA), downloads can only take place after a request for restoration by users.



After logging into the Hub, the user can access the Sentinel products through an interactive graphical user interface that facilitates the identification of the target AOI and the setting of parameters (e.g., orbit, data format, and time window) to filter the product catalog based on user needs.



For each product matching the query, a preview is returned supplying metadata and a thumbnail image. Before downloading the whole product package, it is convenient to examine those thumbnails to check the presence of clouds that could affect the image processing. This check does not apply to the S-1 SAR products for which this is irrelevant. However, there are situations in which a cloud check may be more or less strict, thus, permitting the download of images even with partial clouds coverage. An example of this case, for S-2 products, is discussed in the following description of AS3.



For our AS1, AS2, and AS3 scenarios, we downloaded S-2 L2A products that provide ECW/JP2 compressed images covering a square area of about 100 × 100 km, with a dimension of 10,980 pixels for each side. The single band images contain reflectance measurement of bands B02, B03, B04, and B08: Blue, Green, Red, and NIR respectively, with values from 0 to 65,535 and a spatial sampling of 10 m. The other bands are supplied with a resolution ranging from 20 m to 60 m. For AS4, we downloaded S-3 products providing SLSTR images which cover a swath width of 1420 km (nadir) × 750 km (backwards), with a spatial sampling of 500 m (for VIS and SWIR bands) and of 1 km (for MWIR and TIR bands).



Once downloaded, the selected images have to be pre-processed according to three tasks: (i) sub-setting, to crop the satellite image to the desired target area; (ii) re-sampling, to geometrically correct multi-size bands to a single-size band image; (iii) re-projection, to create an image with a projected Coordinate Reference System.



Concerning the AS processing phase, we leveraged the Sentinel Application Platform (SNAP) (https://step.esa.int/main/toolboxes/snap, accessed on 10 November 2021) architecture, a processing software freely released by ESA for EO data management and analysis. SNAP also includes open-source toolboxes (https://sentinel.esa.int/web/sentinel/toolboxes0, accessed on 10 November 2021) for the scientific exploitation of the Sentinel products. The toolboxes consist of a collection of processing tools for S-1, S-2, and S-3 data, including product readers and writers for data display and analysis and supporting a vast archive of ESA and other missions data, thus allowing the exploitation of several types of satellite data.



As to data integration and results representation, we used QGIS (https://www.qgis.org/en/site/, accessed on 10 November 2021), an open-source GIS that allows the analysis and possible reworking of the information calculated in the previous step to compose and export graphic maps. QGIS can georeference images and manage several data formats, including ESRI shapefiles, MapInfo and MicroStation file formats, and AutoCAD DXF. Web services, including Web Map Service (https://www.ogc.org/standards/wms, accessed on 10 November 2021) and Web Feature Service (https://www.ogc.org/standards/wfs, accessed on 10 November 2021, are also supported for importing data from external sources.




4.2. AS1—Flood-Risk Assessment in Rural Environment


The ever-increasing impact on landscapes caused by human settlements and economic activities affects hydro-geological safety and, therefore, on risk assessment practices. Climate change is causing an increase in the intensity of rainfall and, therefore, of flooding phenomena, which threaten urban settlements, commercial activities, and all infrastructure located in hydro-geological risk areas [65,66]. Liguria is an area particularly sensitive to hydro-geological risk for both rural and urban areas [67,68,69].



The construction of artificial structures, like dams, affects the hydrological balance of the hydrographic systems within the basins and increases the hydro-geological risk. In particular, this is true for areas vulnerable to precipitation events of great intensity, such as Liguria, where catastrophic events of this kind have occurred in the last century [70,71]. Thus, monitoring the health of hydrographical basins is a matter of primary importance for civil protection, economic, and environmental purposes. Satellites images are used not only for emergency response, but also for risks forecasts and early warning operations [61,72].



4.2.1. Objectives and Study Area


Anticipatory measures, such as early warnings and forecasts, are the most efficient to mitigate the effects of natural disasters [14]. In this context, the AS1 integrates a land-cover map, for an area characterized by an artificial dam, with information layers, such as flood-risk areas and hydrographic networks to highlight the land-cover classes with greater flood-risk.



The main AS1 goal was to produce a new land-cover map by processing an S-2 image with high spatial resolution (10 m) with a supervised classification technique. An alternative we initially considered was to use the Corine Land Cover maps (CLC_18), provided by the CLMS service, at the spatial resolution of 100 m, updated every six years. We gave up on this option as the most recent available map is for 2018, preferring to produce an updated and higher resolution map.



We evaluated the effects of a possible dam break event in Lake Osiglia [4417   ′  52.72    ″    N, 811   ′  56.44    ″    E], assessing the impacts on the different types of land-cover classes surrounding the lake. The study area around Osiglia lake is predominantly rural and not heavily populated: agricultural and tertiary activities are scattered with few urban agglomerations.




4.2.2. Workflow


According to the workflow of FigureGeneralPipeline, we started by selecting, from Copernicus Open Access Hub, a Sentinel (S-2 L2A) optical image of September 2020. After we pre-processed the selected RGB image, we applied the K-nearest neighbor (K-nn) classification algorithm, provided by SNAP for optical image processing for supervised classification purposes. We chose this algorithm because it offers a cutting-edge approach even for less experienced users.



In summary, K-nn ranks each pixel to the most common class among its training samples k-nearest-neighbor (with k as a positive integer value that is typically small) [73]. Before running the algorithm, a manual selection step was required to identify some areas of the satellite image, considered as ground truth, according to a set of pre-defined classes.



We chose this set by following the CLC_18 nomenclature guidelines (https://land.copernicus.eu/user-corner/technical-library/corine-land-cover-nomenclature-guidelines/docs/pdf/CLC2018_Nomenclature_illustrated_guide_20190510.pdf, accessed on 10 November 2021) that define five main CLC classes: artificial surfaces (AS), agricultural areas (AA), forests and semi-natural areas (FA), wetlands (W), and water surfaces (WS) [74]. After this characterization, we applied the K-nn algorithm and saved the land-cover layers it produced as files with the extension ’.BIGtiff’ to be further processed and visualized via Q-GIS.



As the final step, we integrated the resulting land-cover map, with open hydrographic datasets generated by two free tools provided by the Brazilian ’Instituto Nacional de Pesquisas Espaciais’ (INPE (https://www.gov.br/inpe/pt-br, accessed on 10 November 2021)), one of the EO-UPTAKE’s partners.



The distributed system TerraHidro [75,76] allows extracting drainage networks and basins from a regular grid Shuttle Radar Topography Mission – Digital Elevation Model (SRTM-DEM). We generated the raster map of the potential inundation by processing the drainage network of the AOI with the Height Above the Nearest Drainage algorithm (HAND) [77,78,79]. Integrating different types of data requires GIS skills for the management of the reference systems, which must be homogeneous. Notwithstanding, a tool like QGIS facilitated us in this task, allowing easy integration of the land-cover map with the INPE datasets.



Figure 2b shows the integrated map of land-cover classes within the flood-risk areas (red line) with the anthropized areas potentially threatened by the presence of the artificial lake.





4.3. AS2—Precision Farming for Vineyard Monitoring


In the coming years, agriculture will have to tackle several significant pressures, including an increase in the world population, the threat of climate change, and the intensifying competition for increasingly scarce land, water, and energy resources [14]. Precision farming techniques allow more efficient culture management through EO practices.



High-resolution satellite images together with in situ sampled data represent a powerful resource that, through the employment of a specific application, could reach farmers and provide them with innovative farming techniques for different types of crops, including vineyards [80,81]. In this field, Copernicus Sentinel products are used and classified according to a set of known vegetation indices, thus, implementing nutrient management and water management [82].



4.3.1. Objectives and Study Area


AS2 aims at monitoring vineyards via RS for assessing the vines’ state of health and supporting decisions and actions concerning biological and environmental protection. By calculating a vegetation index, i.e., the normalized difference vegetation index (NDVI), obtained by combining the percentage of refracted radiation of the different spectral bands of the RS signal, it is possible to get information on the overall status of the vegetation with a 10 x 10 m spatial resolution.



The study area is located in the Ligurian province of La Spezia [4406   ′  28.95    ″    N, 949   ′  43.94    ″    E], inside the plain of the Magra river, on the border with the province of Massa Carrara, where the vineyards are located in flat areas.




4.3.2. Workflow


We computed the vegetation index map of a selected September 2019 cloud-free S-2 L2A image containing some seaside vineyards in eastern Liguria. Vegetation absorbs and then re-emits solar radiation in various bands that are in different frequency ranges and wavelengths. The percentage of refracted radiation varies with plant health and water stress, which can be measured with vegetation indices.



The spectral response of vegetated areas presents a complex mixture of vegetation, soil brightness, environmental effects, shadow, soil color and moisture [83]. Specifically, for the NDVI in a field, areas with a significantly lower than average NDVI value may denote problems in vegetative development, for example, nutritional stress, parasitic attacks, hail damage, or frost.



NDVI also facilitates monitoring leaf area and canopy for crop protection, canopy adjustments, Summer pruning, and leaf area management, used to regulate canopy density and leaf distribution, promoting aeration to reduce the likelihood of diseases, and increasing berry sun exposure [64,84]. To identify the potentially problematic areas in each field, NDVI is computed according to Equation (1):


  NDVI  =   ( NIR + RED ) / ( NIR − RED )    



(1)







To compute NDVI, we leveraged the ’Land Processor’ toolbox provided by SNAP, offering an NDVI calculator which allows a guided approach for production of the index map. Once the index map is produced, it is then exported in QGIS and overlapped with the CLC_18 map provided by the CLMS service. This map includes the vineyard shapefiles for the AOI at 100 m spatial resolution (Class code 221), used for the identification of the vine-cultivated areas in the AOI (Figure 3a).



Figure 3b shows the representation of the index obtained, with values ranging from 0 to 1 using a green scale palette, more intense for values close to 1, and supplies users with a preliminary view of the state of vineyard health, highlighted by differences in the NDVI values.





4.4. AS3—Pasture Monitoring Tool for Sustainable Management


Shifts in the timing and frequency of climate extremes, such as drought and heatwaves, can generate sustained transformations in ecosystem functions with important ecological and economic impacts for lands and pastures [85]. The soils are under increased pressure due to agriculture, forestry, grazing, and urbanization intensification.



The adoption of good practices for sustainable soil management is essential to reverse this tendency to degradation, as well as to guarantee food security and to protect the provision of several ecosystem services associated with the soil [86]. RS from aircraft or satellites was shown to be an effective method for monitoring vegetation in a range of environments [87].



4.4.1. Objectives and Study Area


The AS3 aims to evaluate pasture health status for Summer 2020 using satellite products in a mountainous area, by means of a spectral vegetation index and its variations across different months, to support sustainable pasture monitoring and management. The study area is located in the Paneveggio—Pale di San Martino natural park, a protected natural area of Trentino-Alto Adige, at an altitude ranging from 1100 to a maximum 3200 m asl, established by the Autonomous Province of Trento in 1967.



Its purpose is to protect the natural and environmental characteristics, to promote the scientific study and social use of environmental assets. The area has a complex orography that contains ecosystems of particular environmental value, sustaining a synergy with agricultural and pastoral activity. Satellite monitoring is an innovative tool that facilitates the management of these resources that men have exploited for centuries.




4.4.2. Workflow


In this scenario, considering the characteristics of the AOI, its small size (a few kilometers), and its tendency to be climatically predisposed to the formation of “spot” clouds during the day in summer, we did not initially exclude all images with cloudiness but only those affected by clouds more markedly.



Thus, we pre-selected, before downloading, a set of nine S-2 images containing the AOI relating to the period June-September 2020. After being downloaded, we thoroughly analyzed those nine images to keep only the cloud-free ones in the pasture areas of the Paneveggio park. This further check led to identifying four images, one per month, that we subsequently pre-processed.



After pre-processing, for each monthly image, we performed the thematic land processing by calculating the NDVI index via the toolbox available on SNAP. The resulting index values were exported in bigTIFF format on QGIS, where clipping with the shapefile of the Paneveggio grazing areas (www.parcopan.org/ente-parco/il-piano-del-parco/gli-shapefiles-del-piano/, accessed on 10 November 2021) and the chromatic representation of NDVI on a scale of greens was carried out. As the last step, we calculated the inter-monthly variation percentage represented in Figure 4.



The obtained NDVI maps (Figure 5, second row) depict the spatial variability of the NDVI value for the considered months.



Figure 4 shows the relative percentage variation between one month and another represented as the trend of the index value for the same location. The variations in the index values can be attributable to factors internal to the pasture ecosystem, such as the variability due to the different life stages of the plants, nutrient availability, or to external factors. These, in particular, can be weather-climatic (humidity, temperature, radiation, accumulated rain, and extreme events, such as fires, hailstorms, and floods), or attributable to the action of grazing herbivores.



Other variations of a certain entity in the values of NDVI (and therefore of biomass of the grazing area) can be traced back to the time of forage harvesting. Extremevariation in index values variations can also be attributable to the presence of image-specific artifacts. For instance, the red oval in the first map of Figure 4 (July–June) highlights an extreme variability (in the range of 55–99%) due to the presence of clouds in the original images for the same period. The rightmost map of Figure 4 shows an extensive overall variation of the NDVI values, ranging between 33% and 55%, corresponding to the considerable variation of the biomass of the grazing area that occurred between August and September at the time of the final harvest.





4.5. AS4—Surface Urban Heat Island Effect Monitoring


The phenomenon of urban Heat Islands (UHIs) affects urban areas and it is caused by urbanization and industrialization processes, representing one of the main anthropogenic alterations of Earth environments [88]. UHIs are formed in the proximity of extensive impervious surfaces, which tend to have a higher temperature than the surrounding rural areas with the same geographical features.



Structures, such as buildings, roads, and other infrastructure, re-emit the sun’s heat more than natural landscapes, such as forests and water bodies, thus becoming “islands” of higher temperatures relative to outlying areas. Heat islands can form under a variety of conditions, including during the day or night, in small or large cities, in suburban areas, in northern or southern climates, and in any season (https://www.epa.gov/heatislands/learn-about-heat-islands#_ftnref1, accessed on 10 November 2021).



Research predicts that the heat island effect will strengthen in the future as the structure, spatial extent, and population density of urban areas grow [88]. UHI effects can be analyzed either from air temperature, also known as Atmospheric Heat Islands, which are more intense at night or predawn and in the Winter, or from the land surface temperatures (LST), also known as Surface Heat Islands (SUHIs), which are more intense during the day and in the Summer [89].



The atmospheric UHIs are assessed with in situ sensors or model data, which provide air temperature information [90,91,92], while the SUHIs are assessed by airborne or satellite RS platforms [93,94,95].



4.5.1. Objectives and Study Area


Satellites detect thermal LST data, allowing the employment of such products for urban planning and monitoring of the high-island effect based on surface temperature [96]. The identification of UHI contributing and mitigating factors is an open challenge, addressed through urban development strategies and policies for making cities inclusive, safe, resilient, and sustainable; thus, the need to understand the UHI phenomenon has aroused increasing worldwide research interest since 2005 [33].



This AS aims at evaluating the presence of SUHIs during the summer season in the Genoa metropolitan area [4424   ′  40    ″    N, 855   ′  58    ″    E]. Genoa, the capital of Liguria, with a population of about 800,000 inhabitants, is the largest and most densely populated urban agglomeration in the Region, and its territory, close to the Mediterranean Sea and the steep hills of the hinterland, over the centuries has undergone an upheaval of its natural land-form as a result of human activities, such as modifications of the drainage network, excavations, and filling, building and street constructions, which was particularly intense in the 1960s and 1970s [97].



The peculiar climate and orography that distinguish Genoa from other European cities, such as London, Athens, and Stockholm, whose UHI effects have already been studied through Copernicus S-3 images [35,93,98], prompted us to analyze the SUHI effect using Copernicus products.




4.5.2. Workflow


Copernicus LST images are retrieved by S-3, whose mission consists of two satellites (S-3A in orbit since 2016, S-3B since 2018) with a revisit time of one day over Europe, providing land surface parameters at 1 km2 grid [10,99].



We downloaded 40 S-3 images acquired between 21 June and 22 September 2020, with eight products (4-nights and 4-days) for June and September and twelve products (6-nights and 6-days) for July and August. To delimit the study area, we used the vector layers that describe the provincial boundaries and the contour lines provided by the Liguria geoportal (https://geoportal.regione.liguria.it/, accessed on 10 November 2021), that allows open access to the updated and structured catalog of geo-referenced regional maps data. Furthermore, for the determination of rural surfaces and rural areas, we used the CLC_18 map [100].



The images were processed with QGIS to compute the SUHI band, creating for each month the average daily and nightly LST raster of the AOI. The background rural mean temperature, i.e., the LST mean value of pixels covering rural areas, is retrieved in order to assess SUHI effect computed according to Equation (2).


  SUHI  =  LST  −  Background  Rural  Temperature  



(2)







Owing to Genoa’s highly variable orography and proximity to the sea, the different areas of the municipality have different average temperatures due to the altitude thermal gradient, also considering the complex morphology in the distribution of urban agglomerations. Accordingly, we selected only the rural areas below a given elevation, to avoid considering temperature-affecting factors that are not pertinent to the purpose of the study.



Consistent with the boundaries of the administrative borders and the contour lines of the AOI, the selection of the areas from which to calculate the average background rural temperature was constrained by two criteria: (i) the first constrains the non-overlapping and non-adjacency with urban areas, as defined by CLC_18; (ii) the second constrains the altitude to values less than 140 m above sea level, which represents the altimetric belt where most of the urban agglomerates are present. For each month analyzed, we considered the same rural areas to derive the background rural temperature, thus obtaining maps of SUHI comparable to each other.



In Figure 6, we report the calculated SUHI effect maps for day (Figure 6a) and night (Figure 6b) in Summer 2020 that show higher temperatures in urban areas (up to 4 degrees during the day) than the surrounding rural areas. Daily and nightly seasonal patterns highlight differences due to the nature of the SUHI effect.



Active solar radiation on the Earth’s surface increases the LST of particularly reflective surfaces, such as large urban areas during the daytime, thus raising maximum values. The nightly SUHI effect, as explained by Lu et al. [101], owing to the absence of active solar radiation, is less intense in terms of temperature variations but more widespread.



Figure 7 reports the SUHI trend along Genoa’s coastline concerning urban and rural land-cover classes, from which the seasonal daily variability trend is detectable. The temperature profiles show that different types of soil cover have various thermal behaviors, with a positive temperature delta for the impervious surfaces.






5. Findings and Discussion


The design and development activities of the four ASs, combined with the analysis of the literature on downstream applications, have highlighted a series of practices, issues, and implementation options, which we believe are of common interest and that we present, to support end-users in the informed use of Copernicus ecosystem’s resources and stimulating the development of innovative applications based on EO.



Furthermore, according to the analysis of the literature and our experience in the use and publication of open geospatial datasets, that highlighted their scarce usage, we supply some advice to the providers of these resources to improve their findability, access, and integration with Copernicus data.



5.1. Recommendations for End-Users


We observed that when developing an EO application, one must be aware that, according to one’s own needs, it is necessary to choose the most appropriate available resources, even according to the spatial and temporal extent and resolution specific to the studied event. It is important to know and take into due account the task-specific aspects and any criticalities of the application scenario and its AOI.



Furthermore, it is often convenient to aggregate collections of subsequent images of the same AOI to build time series for monitoring some Earth phenomenon or even integrate Copernicus resources with other data sources for better analyzing some application scenarios. Finally, one must be aware of how to choose among the countless software and hardware tools available, concerning those mostappropriate to the level of technical skills and financial resources.



In Table 3, we condensed these findings in the form of six recommendations for informed use of Copernicus resources, highlighting as many operational objectives and the various implementation options.



5.1.1. Copernicus Resources


Developing an application scenario involves identifying the most suitable Copernicus resources, owing to users’ needs and the requirements of the project to be deployed. Therefore, it is essential that users be aware of the variety of resources offered by the Copernicus ecosystem, understand their differences, and be able to distinguish them from other satellite product sources.



First, users must select the appropriate data pre-processing level for the specific application task. As previously mentioned, Copernicus satellites supply two pre-processing levels, each bringing different information. For instance, in AS1, AS2, and AS3, we selected S-2 L2 products, as they are corrected for atmospheric interference and are immediately usable for the study of phenomena occurring on the Earth’s surface.



In AS4, we opted for the S-3 L2 products because they are particularly useful in the SUHI assessments scenario since the retrieval of the required band is performedby upstream data distribution through specific algorithms. Another reason for choosing the level 2 data provided by Copernicus for our AS was that the availability of high-level products is subject to geographic limitations. In fact, given the considerable costs of upstream processing of high-end satellite products in terms of technological resources used, national and international space organizations mainly carry out this process in the geographic areas where the interest of their user pool is oriented.



AS4 provides a relevant example of this: while browsing the NASA USGS (https://earthexplorer.usgs.gov/, accessed on 10 November 2021) hub, we found ready-to-use LST data (Level 2, Collection 2 LST products). However, these products are not usable in our scenario concerning Genoa because they are supplied by NASA exclusively for the United States.



A second aspect to consider concerns the choice of adopting one of the Copernicus core services available. In fact, despite their relative ease of use, users should carefully evaluate the use of these resources since they may not always be suitable for their specific needs [5,31,102], as we noted, for instance, in developing AS1 and AS4. Indeed, for AS1, we decided to compute a new land-cover map by processing a S-2 L2A optical image rather than adopt the ready-to-use classification map provided by the CLMS service but dating back to 2018, because an updated map was deemed preferable for the scenario at hand.



In the AS4 case, we initially considered the use of two resources supplied by the C3S Climate Data Store, which are, at first glance, appropriate for studying assessment of the atmospheric UHI effect. The first is a collection of day and night UHI intensity time-series, relative to 100 European cities (https://cds.climate.copernicus.eu/cdsapp#!/Software/app-health-urban-heat-islands-current-climate?tab=app, accessed on 10 November 2021), including Genoa, supplied as annual maps showing the average summer and winter values, covering the period between 2008 and 2017 with a spatial resolution of 100 m.



Since our study relates to 2020, we have not made use of this resource, preferring an updated data source. The second, UHI related, C3S resource evaluated is the ERA-5 (https://cds.climate.copernicus.eu/cdsapp#!/Dataset/reanalysis-era5-land?Tab=overview, accessed on 10 November 2021) dataset that provides a temperature layer of 2 m (T2m) on an hourly scale for the whole of Europe from 1981 to today. Although this resource is suitable for the atmospheric evaluation of the UHI effect, it is not usable for the calculation of SUHI.



Copernicus users need to be aware that other satellites products are available, as general practices suggest [22,27,39,41], and to be able to discern when this data is preferable to Copernicus or could complement it [33]. For example, for our AS1, AS2, and AS3 scenarios, a possible alternative to Copernicus optical data is offered by Landsat 7.



However, we excluded its use considering that it has a revisiting time of 16 days with a spatial resolution of 100 m, hence as to the visible field, Landsat 7 has a Spatio-temporal resolution three times lower than S-2. Notwithstanding, Landsat 7 data may be suitable, for example, as in the case of the definition of long-term time series, and/or that cover longer observation periods since Landsat 7 was launched in 1999.



Alongside the open data made available by Copernicus and Landsat, there are several commercial initiatives that market satellite products of different types, such as optical, thermal, atmospheric fields, providing additional functionalities/resources due to exclusive agreements with customers. An example in the context of urban monitoring and air quality is the data provided by GHGSat (https://www.ghgsat.com, accessed on 10 November 2021) satellites, which remotely measure and detect methane emissions at the facility level around the globe, and whose data can find applications in sectors, such as Oil and Gas (e.g., to optimize leak detection and repair activities), Landfills (e.g., gas collection system operational improvements), and Agriculture (e.g., dairy and beef cattle, other products sugar, additives, and rice).




5.1.2. Spatial and Temporal Resolution


The range of phenomena that occur, or can occur, at the planetary level is very spatially and temporally variable and, depending on the type of event, different scales can come into play, ranging from the size of the Earth over the years, up to areas limited to a few centimeters with temporal variations of the order of minutes or seconds.



The behaviors can be very different. Fluid dynamics and meteorology, studying a high percentage of Earth-system phenomena, divide these scales into classes within which the characteristics of motions are similar: the planetary scale, the synoptic scale (horizontal lengths varying from hundreds to thousands of kilometers, averaged overtimes in the order of 12–24 h), the mesoscale (a few tens to a few hundred kilometers with an hourly time-step), and the micro-scale for phenomena of lower-dimensional orders (up to hundreds of meters).



The ’scale analysis’, i.e., the identification of the most suitable scale for the analysis and reproduction of a given phenomenon, is a practical exercise in many fields and applications [103]. To give an example, in forestry and agriculture, it may be necessary to study the weekly, monthly, seasonal, or inter-annual variations in the productivity of a pasture area in a given region (such as in AS3), or it is necessary to evaluate at what time of the week it is more appropriate to harvest specific fruit trees (such as in AS2).



Choosing which satellite source to adopt in a given scenario is subject to a spatial/temporal trade-off: often in the current satellite images, a high spatial resolution usually corresponds to a low temporal resolution. For instance, in AS4, when studying the SUHI effect, we initially evaluated using the thermal satellite images provided by Landsat-8 Level 1, Collection 1, available since 2013, with a spatial resolution at 100 m for Europe, ten-times better than the ones of S-3.



However, Landsat-8 has a revisit time on the study area of 15 days, with only daytime acquisitions, considerably less than S-3, which has a revisit cycle of less than one day at the middle latitudes, and with daytime and nighttime images that allow the assessment of day-night variations. For this reason, we opted for the higher number of observations available from S-3 than the more detailed ones offered by Landsat.




5.1.3. Processing Task


Even when the operative task of the processing phase is relatively simple, and its execution almost entirely supported by tools, such as SNAP (as in the case of map classification in AS1), the user needs to know the task-specific aspects and any criticalities potentially affecting the correctness of the processing execution outcomes. Considering the replicability of the operative tasks at the core of our four ASs (classification, vegetation index calculations, and identification of SUHI) in other application contexts, we summarize some of the salient factors that can discriminate their execution.



Map classification accuracy strongly depends on the prior available information, i.e., the training sample [104]; therefore, it is advisable to collect for each class a sample set covering the whole class-specific variability relating to the selected AOI. In AS1, performing the supervised classification with the SNAP K-nn classifier tool on the Osiglia S-2 RGB dam image, we first manually selected and prepared the dataset with at least 20 samples for each of the five classes.



In AS2 and AS3, we used S-2 L2A optical images to calculate the NDVI vegetation index of two different agricultural areas: vineyards and pastures. The vegetation indices are spectral transformations of two or more bands able to highlight the vegetation properties, recovered from the backward signal. The index calculation includes all the types of vegetation present in the AOI and, consequently, the invasive plants in the vicinity of the fields. Therefore, the reliability of a vegetation index, such as NDVI strictly depends on the ground distribution of the crop.



For AS2, we considered the rows of vines placed at a distance > 1 m from each other, while for AS3 a grazing area, i.e., a meadow, was considered. We noticed that the more homogeneous and dense a crop is on the ground (e.g., pastures), the more the index value is representative of the crop itself, with less interference from other plants (e.g., grass between the rows in AS2). For correctly interpreting the results, i.e., in the index values, we recommend evaluating the potential presence of interference due to non-agricultural vegetation in crops with discontinuous soil coverage.



When using satellite images, users must be aware of other characteristics and peculiarities of the AOI to avoid processing errors and misleading results. We found an example of this in AS4 when calculating the value of the SUHI effect starting from the LST band. In this case, the extraction of information on the SUHI band value from satellite images is relatively complex since Genoa has many mountainous reliefs in its metropolitan area, and the temperature is subject to an altitude gradient. It was, therefore, necessary to make a prior altimetric selection of the rural areas surrounding the urban districts to avoid a deviation of the results due to temperature and altimetric variations.



In AS4, the cross-information extraction between elevation lines and rural land cover areas allowed us to select rural areas with altimetric temperature variation <1°. In similar cases, where the AOI has a complex orography or other specificities, users have to take these factors into account, which can increase the number of steps usually required in the processing phase compared to scenarios in which the morphology of the territory is more regular, making processing more time-consuming, especially in the presence of long time series.




5.1.4. Time Series


Despite being a relatively recent practice concerning Copernicus, the systematic use of satellite images for constructing time series lays the foundations for change-detection practices and monitoring in various sectors, avoiding carrying out extensive and expansive field data collection.



In particular, global phenomena, such as climate change, that have to be studied over long time intervals (measured from typically 20 to 30 years in length (https://www.ipcc.ch/sr15/chapter/chapter-3/, accessed on 10 November 2021) ) can benefit from this wide availability of satellite data. However, it is also possible to evaluate phenomena with a faster dynamic also considering variations during a single season. We discuss a baseline approach for the creation of time series in AS4 and AS3, respectively for analyzing SUHI effect and NDVI variations at a monthly scale.



In the agricultural sector [23,105,106,107,108,109] and the forestry sector [27], the health of crops was assessed respectively employing vegetation indices and variation of woodland cover in protected areas. Monitoring of the temporal trend of the forest cover, when affected by intense deforestation, can be depicted by comparing two inter-annual images, as performed by Palas et al. [30], who were able to determine a quantitative measure of the ecological impact of logging activities using S-2 images.



In the monitoring of urban areas, time series can inform about the variation in soil cover and the balance between anthropogenic and non-anthropogenic surfaces [32,37,110].



The same process is considered in monitoring the use of renewable energy sources [44]. This aspect is equally valid in the monitoring of natural disasters [51,52,53,54,55,56,59,60,61,62] and emergencies [57,59,61,111], where time-series are used to carry out precautionary assessments with a preventive approach in estimating the risk that a given event may or may not occur in the forecast. Romero et al. [58] adopted satellite products from inactive missions (i.e., ERS 1 and 2) for the creation of time series for monitoring coastlines, producing flood-risk maps, which consider catastrophic events with a longer return time, taking into account the history of the territory.




5.1.5. Data Integration


The abundance of geo-referred data collected by a wide array of sensors have made data integration an effective method for interpreting and analyzing Earth phenomena. This process can merge multitemporal, multiresolution, or multisensor data, and it is common to integrate satellite imagery with other data sources, for example, to compensate for those sources’ low resolution in studying a small-scale phenomenon [21,39,40,45,46,47,48,49,50,112,113].



Copernicus data integration with in situ data—Data integration with in-situ data, i.e., proximal sensing, from various sources (e.g., UAVs, drones, weather stations or other sensors) is a common practice in the EO field [114]. For instance, it finds applications in sea and air-quality monitoring [39,40,45,47,48,49,50,112,113]. Van et al. [41] integrated Sentinel images with in situ ship-based observations made by water samples, for the retrieval of harmonised chlorophyll indicator maps to create an indicator displaying chlorophyll concentration in seawater.



Bensoussan et al. [40] leveraged S-3 sea-surface temperature images for superficial temperature assessment in the Mediterranean sea, integrating meteorological, climatic, biological, and ecological parameters of Protected Areas. Despite the undoubted advantages, the integration with in situ data is not always without difficulties, as discussed, for example, by Palas et al. [30] in a forestry application integrating in situ observational data relating to “abatement sites” to validate the vegetation indices computed from S-2 products.



Copernicus data integration with other satellite data—Sentinel spatial resolution and revisit time offer an adequate coverage especially for Europe, since the acquisition frequency for satellites sensitive to clouds is a maximum of 5 days, with an average of six acquisitions per month, which, despite local peculiarities, can be used for monitoring purposes. Though, in some cases, coupling Copernicus resources with satellite products from other missions may be appropriate.



For instance, the 1 km2 grid-scale supplied by the S-3 LST band, is quite a coarse value for monitoring high-variability local phenomena such as SUHIs. This drawback may be solved by applying downscaling algorithms [33,115,116,117], which apply re-sampling steps, thus converting RS low-resolution images into high spatial resolution layers through the information extracted from higher spatial resolution thermal data such as the one supplied by LANDSAT-8, from which LST can be retrieved at a 100-m spatial resolution.



Similarly, integration can be performed with products of the same satellite constellation, as carried out by Shrestha et al. [38], between radar and optical images of S-1 and S-2 respectively, with urban-monitoring purposes.



Copernicus data integration with model data— In general, the use of data from remote or proximal sensing as input for models is a consolidated integration practice, as it allows to introduction of the values of variables directly recorded in the environment, producing outputs that are closer to the real conditions [118]. In meteorology and agriculture, integrating Copernicus and model data is becoming a common practice, especially concerning weather and atmospheric applications [21,43,45,57,111].



For instance, in AS1, we used the hydrological models TerraHidro and HAND [75,77,119] to produce layers matching the classification map with a hydrological risk assessment. Data assimilation techniques combine observational data with output from a numerical model to produce a more precise estimate of the evolving state of the Earth system [50].



Copernicus data integration with cartography database—EO applications can also benefit from the integration of Copernicus data with local cartography and toponymy provided at various detail levels, in vector or raster format, by public administrations through their geoportal or websites or by the Copernicus services themselves.



For instance, in AS4, we used either Copernicus resources (i.e., the CLC_18 supplying a vector-based dataset with 44 land-cover and land-use classes) provided by the CLMS service and the maps (i.e., the shapefiles of the administrative boundaries and the contour lines of the Genoa metropolitan area) offered by the Liguria regional geoportal. As well, we used CLC_18 in AS2 for vineyard identification and the Paneveggio park shapefile to gather the pasture-areas borders for AS3, and couple them with the newly classified NDVI maps.




5.1.6. Technological Know How


Each phase of the workflow, from data selection to representation of the final results, can be carried out with different approaches, depending on the level of IT skills and technical knowledge of users. Conversely, we observed that even the adoption of ready-to-use thematic resources such as the ones provided by Copernicus core services requires some understanding of the specific tools and (at least) an elementary degree of geo-spatial data management competencies. For instance, the use of CLC_18 in AS1, AS2, AS4, and of local cartography datasets in AS3, required basic notions of the reference systems and skills of GIS tools.



Sentinel level 2 products contain informative “ready to use” bands, such as the S-3 LST band, which is provided with an accuracy of 1°K (even higher at night when the differential surface heating is absent (https://sentinels.copernicus.eu/web/sentinel/user-guides/sentinel-3-slstr/overview/geophysical-measurements/land-surface-temperature, accessed on 10 November 2021) ). Conversely, LST information is provided implicitly in Landsat-8 data, thus requiring a more complex SUHI processing workflow.



In general, processing raw satellite data requires a good level of EO skills and knowledge, and, to this end, software, such as e-Cognition (https://geospatial.trimble.com/products-and-solutions/ecognition, accessed on 10 November 2021) and SNAP allow users to manuallycompute the application parameters. However, these tools also provide thematic toolboxes, which facilitate user calculation of indices, or images corrections and classifications in “assisted” mode. For example, for optical images, the “thematic land processor” is available in SNAP, through which bands can be combined to obtain indices, such as NDVI, is very simple and user-friendly.



Data downloading via the Copernicus Open Access Hub—Guided User Interface is a valuable option for non-expert users and usually does not take much time. Even intermediate users may prefer a manual download rather than an automatic one, especially when the number of products to be downloaded is small, for instance, as in the case of the seasonal time-series construction we discussed in AS3 and AS4.



Some issues may arise when the products to be downloaded from the portal are transferred “offline”, in the LTA. In fact, once offline, only one archived image can be downloaded every 30 min. As an alternative solution, the LTA hub API (https://readthedocs.org/projects/sentinelsat/downloads/pdf/master, accessed on 10 November 2021) can be used. In this case, through implementing appropriate code scripts, for example, in Python, it is possible to download a batch of multiple images at once.



As we have seen, SNAP allows the creation of simple representations of the results, however, this is more than adequate for application scenarios, such as those we introduced (e.g., the generation of NDVI maps in AS2 and AS3). However, if further processing and integration with other data are required, an additional step through a GIS environment may be necessary.



We applied this procedure in the application scenarios that required the integration of Sentinel data with the resources of the local cartographic databases (e.g., AS2, AS3, and AS4). For further analyses on the achieved results (such as validation or comparison assessments), tools, such as MATLAB or R, are available, although requiring basic programming skills [120,121].



A non-trivial aspect when managing satellite products, often taking up a lot of disk space and requiring good computing power, is the hardware equipment available. For example, the creation of time series is usually a time- and space-consuming task (depending on the temporal and spatial extension of the study area considered), and the volume of data to be downloaded, stored, and processed can negatively affect the performance of machines not properly equipped.



For example, the SNAP guidelines recommend having at least 4 Gb of RAM and 10 Gb of free memory, although, in our experience, this basic equipment has not been free from performance problems. A valid alternative to overcome the limitations of on-premise resources is cloud-based technologies that leverage virtualized and distributed Information and Communication Technologies (ICT) solutions. The flexible, pay-per-use cloud approach has proven effective in both improving companies’ business models [122] and supporting high-demanding e-science applications that require running complex simulations on a global scale [123,124].



Regarding the Copernicus world, a first option is the free and open Research And User Support (RUS (https://rus-copernicus.eu/portal, accessed on 10 November 2021)) cloud platform, which hosts a suite of pre-installed toolboxes on virtual machines allowing registered users to manage and process data derived from the Sentinels constellation. After a trial period, deemed necessary to become familiar with the Copernicus ecosystem, users should be able to continue their activities independently, outside RUS.



A mainly commercial option is provided by five Data and Information Access Services (DIAS) cloud platforms (https://www.copernicus.eu/en/access-data/dias, accessed on 10 November 2021), i.e., Creodias (https://creodias.eu, accessed on 10 November 2021), Mundi (https://mundiwebservices.com, accessed on 10 November 2021), Onda (https://www.onda-dias.eu, accessed on 10 November 2021), Sobloo (https://sobloo.eu, accessed on 10 November 2021), Wekeo (https://www.wekeo.eu, accessed on 10 November 2021), that supply a centralized access to Copernicus resources and processing tools.



Although, in general, they offer free access to Copernicus resources, their core business is the deployment of services and EO applications and tools via virtual machines, according to pay-per-use or package offers (https://earsc.org/dias-comparison, accessed on 10 November 2021). Through these virtual machines, users may find the right solution to their needs in a ready-to-go environment with the required physical and software devices and without the burden to install and configure them.



Other than the access to Sentinel products and to a variable set of Copernicus core services, each DIAS offers its EO applications and processing tools, and can provide data collected by other satellite missions, both non-commercial (e.g., Mundi and Onda provide Landsat’s collection) and commercial (e.g., Soblo provides Pleiades Very High-Resolution images).





5.2. Advice for Data Providers


The effective integration of Copernicus with other more specific spatial data sets, including open ones, is closely related to the degree of user skills. Indeed, thanks to the previous knowledge in this sector, we did not have particular difficulties in finding and accessing these data and incorporating them with Copernicus resources in our four ASs. However, such problems could arise for users of other application domains (away from RS and geodata).



Although a large amount of open geospatial datasets is now available to develop applications and to meet the information needs of citizens and organizations all around the world [125], in our previous work [9], we observed, based on an experimental evaluation of the usage of over 160,000 geospatial datasets belonging to six national and international Open Government Data (OGD) portals, that these data are highly underused.



Data and service providers, such as the intermediate users, that process satellite data and turn it into geo-information products (see Section 2), and public bodies that release geo-referred resources through OGD portals, should be able to understand the underlying causes of low data usage, to be capable implement effective countermeasures.



Among the main barriers that hinder the success of Open Data initiatives, the low information quality of data sets metadata is often mentioned [6]. The presence of good metadata, recommended among others by the World Wide Web Consortium (W3C) Data on the Web Best Practices (DWBP) (https://www.w3.org/TR/dwbp/, accessed on 10 November 2021) Working Group and by the findability, accessibility, interoperability, and reusability (FAIR) principles [126], is essential to help “human users and computer applications” understanding “the data as well as other important aspects that describe a dataset or a distribution” (DWBP Best Practice 1: Provide metadata).



By metadata, users can filter OGD portals by keyword search and features, such as theme category, data types, format, and license, for finding and accessing the datasets closer to their needs. To enable publishers to describe datasets and data services adequately, the W3C Dataset Exchange Working Group developed the last revision of the Data Catalog Vocabulary (DCAT) (https://www.w3.org/TR/vocab-dcat-2/, accessed on 10 November 2021), providing a standard model and a Resource Description Framework (RDF) vocabulary, for facilitating the consumption and aggregation of metadata and increasing the discoverability of datasets and data services (i.e., “a collection of operations or API, which provides access to data”).



Good quality metadata should also allow data providers to describe the provenance (i.e., the history or lineage) of the datasets (DWBP Best Practice 5: “Provide data provenance information”) and their quality (DWBP Best Practice 6: Provide data quality information). The W3C Provenance Working Group defines Provenance as the “information about entities, activities, and people involved in producing a piece of data or thing, which can be used to form assessments about its quality, reliability, and trustworthiness”.



The use of provenance metadata is also recommended by FAIR subprinciple R1.2: “(meta) data are associated with their provenance”. Accordingly, to meet DWBP practices Five and Six, DCAT supplies “details for the ways of representing dataset provenance and quality”. In the first case, DCAT suggests using the W3C Provenance Ontology (PROV-O) (https://www.w3.org/TR/prov-o, accessed on 10 November 2021), in the second to employ the W3C Data Quality Vocabulary (DQV) (https://www.w3.org/TR/vocab-dqv/, accessed on 10 November 2021).



In our previous work, we exemplified the adoption of these two technologies by providing W3C compliant metadata to document the quality assessment of a set of e-Government controlled vocabularies [127] and the provenance description of a collection of hydrographic datasets [79].



To assess the FAIRness of their resources, data providers can benefit from the framework designed by Wilkinson et al. [128] and by the ‘FAIR Evaluator’ (https://fairsharing.github.io/FAIR-Evaluator-FrontEnd, accessed on 10 November 2021) tool they implemented, that provides a set of metrics to test the compliance of a Web resource with those principles. The tool implements “22 Maturity Indicators Tests”, grouped by the four principles respectively, in eight (Findable), five (Accessible), seven (Interoperable), and two (Reusable).



By supplying the Globally Unique Identifier (GUID) of a given (Web) resource (e.g., the URI of a published dataset) to the tool, a data provider receives an assessment report summarizing the resource successes and failures for each of the 22 metrics.





6. Conclusions


The Copernicus program makes a primary contribution to the European Green Deal by sustaining the protection, conservation, and enhancement of the EU’s natural capital. The availability of Copernicus open data, and its integration with other spatial data, opens new horizons to the downstream satellite applications industry, while supporting the European community’s efforts to address increasingly pressing challenges of environmental and climate sustainability.



For this to happen, it is necessary to improve the awareness of end-usersconcerning the real opportunities offered by the Copernicus ecosystem and foster the dissemination of competencies and practical skills for its use in various Earth user segments. In pursuing these two objectives, the activities of the EO-UPTAKE project, which we summarized herein, highlight a set of practices that we deem convenient to share with those who want to begin implementing simple Copernicus-based application scenarios.



The paper presents a twofold contribution. First, to exemplify how end-users can benefit from the Copernicus ecosystem to develop applications of immediate practical use, we introduced four application scenarios, based on a typical Sentinel-based workflow scheme, in four user segments: Management of Natural Disasters, Agriculture, Forestry, and Urban Monitoring. For each scenario, we provided a reference framework that identifies the general objectives, presenting the specific ones concerning a well-defined area of study and detailing for each phase of the workflow what data, what tools, and what actions we performed to obtain the expected results.



These examples can be a spur and a guide to end users, particularly those with primary IT and RS skills, regarding the feasibility and replicability of similar scenarios in their specific contexts or for developing RS applications in other user-segments, such as those featured in related works.



Our second contribution takes the form of a series of recommendations to end-users and advice to data providers regarding the informed use of Copernicus resources and the provision of geospatial products that we subsumed by the practices, problems, and implementation options derived from the four application scenarios, from the literature analysis and from our experience in using and publishing OD geospatial datasets.



To further strengthen the awareness of end-users about the opportunities offered by Copernicus and on the concrete possibilities of creating their analyses of the resources it offers, we first highlighted that the development of an EO application requires the user to carefully choose the most suitable among the various RS resources potentially available (Know your needs) while also bearing in mind the spatial and temporal extent of the studied event and the possible trade-offs (Size matter).



We indicated the importance for users of analyzing the task-specific aspects and any criticalities of their application scenario and its AOI and consequent acts (Do the right things). We also stressed the opportunity of aggregating image sequences of the same AOI to create time-series that are helpful to monitor the variations of terrestrial phenomena at different temporal scales (Tell a story) and the effectiveness of integrating the information resources of Copernicus with other data sources whether in situ, from models or from Open geo-portals to deepen the study of several application scenarios (Mix and match).



Last but not least, the user must be aware that there are many open-access or commercial software and hardware tools to choose from, based on their level of IT skills, the degree of know-how in geospatial data management, the available IT infrastructures, and, clearly, their finances (Know Yourself).



Regarding data and service providers, to cope with the underlying causes of low data usage and be capable of implementing effective countermeasures to better support users to find, access and incorporate these data with Copernicus resources, we outlined that, among the obstacles holding back the success of Open Data initiatives, is the low quality of datasets metadata.



To improve metadata quality and, hence, increase dataset usage, we advised data providers to adopt a series of practices and recommendations, such as those provided by the W3C and the FAIR principles, which emphasize the importance of including information on the provenance of the datasets and their quality in the metadata, using standard vocabularies, such as DCAT, PROV, and DQV. Finally, we provided a reference to the ‘FAIR Evaluator’ tool that assists data providers in verifying their data compliance with the FAIR principles.



For future work, we intend to move in two directions. On the one hand, there is the will to complete the picture of two ASs, namely AS2 and AS3, for integration with other data sources. In the first case, we foresee validating the NDVI maps produced through observations captured by a fleet of drones that are equipped with sensors for the analysis of the vines between the rows and also extending the study to another Ligurian AOI but characterized by rows located in inaccessible and mountainous areas.



In the case of AS3, the idea is to integrate the NDVI map with high-spatial-resolution data collected through biomass sampling in situ, near a “malga” (i.e., alpine hut) within the Paneveggio Park, for further calibration of the information of remote sensing through ground-truth data collection.



On the other hand, we plan to finish the implementation of two other ASs, which we have begun to examine. One concerns the identification of slope areas at risk of landslides caused by the presence of water leaks from underground utilities. The other aims to evaluate landfill gas emissions and slope consolidation.



These extensions and completions would allow expanding the range of application scenarios, thus, providing end-users with a more comprehensive picture of the opportunities offered by Copernicus. Indeed, the project initially planned these ASs extensions with the direct involvement of the partners. However, their actual implementation has been hampered and prevented due to the COVID-19 epidemic.
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W3C Data on the Web Best Practices




	
EEA

	
European Agency for the Environment
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European Commission




	
ECMWF

	
European Centre for Medium-Range Weather Forecast




	
EGD

	
European Green Deal




	
EO

	
Earth Observation




	
ESA

	
European Space Agency




	
EUMETSAT

	
European Organisation for the Exploitation of Meteorological Satellite




	
FAIR

	
Findable, Accessible, Interoperable, Reusable




	
GUID

	
Globally Unique Identifier




	
HAND

	
Height Above the Nearest Drainage algorithm




	
ICT

	
Information and Communication Technologies




	
IT

	
Information Technology




	
INPE

	
Instituto Nacional de Pesquisas Espaciais




	
L0

	
Level-0 data




	




	
L1

	
Level-1 data




	
L2

	
Level-2 data




	
LST

	
Land Surface Temperatures




	
LTA

	
Long-Term Archive




	
MSI

	
HR Multi-Spectral Imagery




	
MTG-S

	
Spectrometer on Meteosat Third Generation Sounder




	
NASA

	
National Aeronautics and Space Administration




	
NDVI

	
Normalized Difference Vegetation Index




	
OGC

	
Open Geospatial Consortium




	
OLCI

	
Ocean and Land Color Instrument




	
OGD

	
Open Government Data




	
PROV-O

	
W3C Provenance Ontology




	
RDF

	
Resource Description Framework




	
RS

	
Remote Sensing




	
RUS

	
Research and User Support




	
SAFE

	
Standard Archive Format for Europe




	
SAR

	
Synthetic Aperture Radar




	
SMEs

	
Small and Medium Enterprises




	
SNAP

	
Sentinel Application Platform




	
SRTM-DEM

	
Shuttle Radar Topography Mission–Digital Elevation Model




	
SST

	
Superficial Sea Temperature




	
SUHIs

	
Surface Heat Islands




	
SLSTR

	
Surface Land Sea Temperature Radiometer




	
TROPOMI

	
TROPOspheric Monitoring Instrument
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Urban Heat Islands
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Figure 1. The schematized workflows of the four ASs highlighting the Sentinel data used, the processing goals, the data integration, and the result representation. 
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Figure 2. (a) Land-cover map for S-2 in 2020 of western Liguria: Osiglia lake (red square); (b) Integration of the flood-risk area downstream to the artificial Osiglia lake (red line) with the land-cover map in 2020. 
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Figure 3. (a) The study area in real colors (RGB) and (b) the relative NDVI map. The red line delimits the areas intended for the cultivation of vines. NDVI values vary between 0 (absence of vegetation or not healthy vegetation) and 1. 
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Figure 4. Monthly representation of Paneveggio NDVI % variations maps in Summer 2020. Images from left to right, respectively, represent the percentage variation between June—July, July—August, and August—September. 






Figure 4. Monthly representation of Paneveggio NDVI % variations maps in Summer 2020. Images from left to right, respectively, represent the percentage variation between June—July, July—August, and August—September.



[image: Ijgi 11 00121 g004]







[image: Ijgi 11 00121 g005 550] 





Figure 5. Monthly representation of Paneveggio NDVI maps in Summer 2020 (RGB image). 
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Figure 6. SUHI daily (a) and nightly (b) average for summer 2020 in the Genoa metropolitan area. 
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Figure 7. Daily (red line) and nightly (blue line) SUHI seasonal profile for summer 2020 along Genoa central coastline (1 km wide and 30 km long), in relation to urban (grey) and rural (green) land—cover classes (CLC_18) of the same profile. 
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Table 1. Sentinel features: launch date, sensor and acquisition mode, spatial resolution, revisit time, and operational domain.
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	Sentinel
	Sensor
	Resolution
	Revisit
	Domain





	S-1A/B (2014/16)
	Synthetic Aperture Radar (SAR)
	4–40 m
	6 days
	Oceans, ice and land, emergency



	S-2A/B (2015/17)
	HR Multi-spectral imagery (MSI)
	10–60 m
	5 days
	Land and vegetation cover



	S-3A/B (2016/18)
	Radar altimeter, Surface Land Sea Temperature Radiometer (SLSTR), Ocean and Land Color Instrument (OLCI)
	300–1200 m
	<2 days
	Land-cover and ocean color and reflectances, land and sea temperature and topography



	S-5P (2017)
	TROPOspheric Monitoring Instrument (TROPOMI)
	7–68 km
	1 day
	Global atmospheric pollution



	S-4 (~2024)
	Ultraviolet-Visible-Near-Infrared (UVN) Spectrometer on Meteosat Third Generation Sounder (MTG-S)
	8 km
	60 min.
	European air quality



	S-5 (~2024)
	Spectrometer on MetOp satellites
	7.5–50 km
	1 day
	Global air quality



	S-6 (2020/~25)
	Radar altimeter
	
	10 days
	Global sea-surface height, oceanography, climate
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Table 2. Summary of the literature according to the studied applications and Copernicus resources used.
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User Segment

	
Paper

	
Application

	
Data/Services






	
Agriculture

	
Meier et al. [19]

	
digital and smart farming

	
S-2




	
Lilienthal et al. [20]

	
digital farming with farmers involvement

	
S-1, S-2




	
Drost et al. [21]

	
modeling architecture water and drought management

	
S-1, S-2




	
Pulvirenti et al. [22]

	
operative water and drought management

	
S-1




	
Wolanin et al. [23]

	
crop monitoring for primary production assessments

	
S-2




	
Vuolo et al. [24]

	
crop monitoring for primary production

	
S-2




	
Borgogno-Mondino et al. [26]

	
crop monitoring for vineyards

	
S-2




	
Forestry

	
Li et al. [27]

	
resource mapping for biodiversity monitoring

	
S-1




	
Tavares et al. [28]

	
resource mapping for biomass assessments

	
S-1, S-2




	
Ottosen et al. [29]

	
resource mapping for tree coverage

	
S-2




	
Palas et al. [30]

	
resource mapping with vegetation indices

	
S-2




	
Fonseca et al. [31]

	
resource mapping for antropic impact monitoring

	
CLMS




	
Urban Monitoring

	
Masson et al. [32]

	
urban planning, weather and climate

	
S-1, S-2, Copernicus Urban Atlas




	
Shumilo et al. [34]

	
urban planning for UHI local management

	
S-3




	
Sobrino et al. [35]

	
urban planning for UHIs comparison

	
S-3




	
Hidalgo Garcia et al. [36]

	
urban planning forf UHI effect management

	
S-3




	
Lefebvre et al. [37]

	
urban planning and impervious surfaces

	
S-2




	
Shrestha et al. [38]

	
urban planning and land cover classification

	
S-1, S-2




	
Coastal and Marine

Exploitation and Preservation

	
Staneva et al. [39]

	
shipping and ice navigation with in situ data

	
S-3, CMEMS




	
Bensoussan et al.  [40]

	
shipping and ice navigation and protected areas monitoring

	
S-3




	
Van et al.  [41]

	
water quality and chlorophyll indicator

	
S-3




	
Poursanidis et al.  [42]

	
coastal management and bathimetry mapping

	
S-2




	
Minnett et al. [43]

	
coastal management and SST assessment

	
S-3




	
Renewable Energy

	
Morin et al.  [44]

	
resources management and climate change

	
C3S




	
Alfadda et al. [45]

	
resources management for solar energy production

	
CAMS




	
Air quality management

	
Huijen et al. [46]

	
resources management and wildfires

	
CAMS




	
Baklanov et al. [47]

	
urban planning for smart cities

	
CAMS




	
Tchepel et al. et al. [48]

	
urban planning and background pollution monitoring

	
CAMS




	
De Blas et al. [49]

	
air quality monitoring in rural areas

	




	
Eskes et al. [50]

	
air quality monitoring and forecasts

	




	
Management of Natural Disasters

	
Handwerger et al. [51]

	
landslides risk forecasts

	
S-1




	
Lesko et al. [52]

	
landslides risk forecasts

	
S-1




	
Darvishi et al. [53]

	
landslides risk forecasts

	
S-1




	
Rouyet et al. [54]

	
ground displacements risk forecasts

	
S-1




	
Carlà et al. [55]

	
slope events risk forecasts

	
S-1




	
Devries et al. [56]

	
floods risk forecasts

	
S-1




	
Vitolo et al. [57]

	
wildfires risk forecasts

	
CEMS




	
Romero et al. [58]

	
floods and landslides post event risk analysis

	
S-1




	
Doxani et al. [59]

	
post event risk analysis in agriculture

	
S-1, S-2




	
Caballero et al. [60]

	
post floods event risk analysis

	
S-1




	
Rossi et al. [61]

	
weather risk forecasts

	
CEMS




	
Da et al. [62]

	
rapid mapping for floods

	
CLMS
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Table 3. Recommendations for informed use of Copernicus resources.
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	Recommendation
	Objective
	Implementation Options





	Know your needs
	Chose the proper Copernicus data for the specific application task
	
	
Sentinel products processing levels (e.g., 0, 1, 2)



	
Sentinel products vs. information provided by core services



	
Sentinel products vs. other satellites sources Open (e.g., Landsat-8) or commercial








	Size matters
	Identify the most suitable data source with adequate temporal and spatial resolution for the study of the phenomenon analyzed
	
	
Understand the proper spatial and temporal scale of the phenomenon analysed (e.g., planetary, synoptic, mesoscale, micro-scale)



	
Evaluate spatial/temporal trade-off








	Do the right thing
	Understand the task-specific aspects and any criticalities of your application scenario
	
	
Select a proper sample set for the supervised classification



	
Consider the AOI borders for indices calculation



	
Mind the AOI-specific orography effects








	Tell a story
	Collect and process several Sentinel products for change-detection practices and monitoring in various sectors
	
	
Large time intervals for climate change studies (typically 20 to 30 years in length)



	
Faster dynamic phenomena (e.g., seasonal)








	Mix and match
	Merge Copernicus products with multitemporal, multiresolution, or multisensor data for more effective EO data-value chains
	
	
In-situ data (e.g., UAVs, drones, weather stations or other sensors)



	
Other satellite data sources



	
Model data (e.g hydrology or weather models)



	
Cartography (e.g., vector or raster layers from Open Geo-portals)








	Know Yourself
	Apply different approaches depending on the levels of IT and RS skills, the degree of geo-spatial data management competencies, and the available computing infrastructure
	
	
Ability to process raw or high levels data



	
Suitable tools to download (e.g., Copernicus Open Access Hub), processing (e.g., SNAP, R, MATLAB) and results presentation (e.g., QGIS)



	
Availability of hw platforms on-premises, Cloud solutions (RUS, DIAS)
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