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Abstract

:

The Sustainable Development Goals (SDG) framework aims to end poverty, improve health and education, reduce inequality, design sustainable cities, support economic growth, tackle climate change and leave no one behind. To monitor and report the progress on the 231 unique SDGs indicators in all signatory countries, data play a key role. Here, we reviewed the data challenges and costs associated with obtaining traditional data and satellite data (particularly for developing countries), emphasizing the benefits of using satellite data, alongside their portal and platforms in data access. We then assessed, under the maturity matrix framework (MMF 2.0), the current potential of satellite data applications on the SDG indicators that were classified into the sustainability pillars. Despite the SDG framework having more focus on socio-economic aspects of sustainability, there has been a rapidly growing literature in the last few years giving practical examples in using earth observation (EO) to monitor both environmental and socio-economic SDG indicators; there is a potential to populate 108 indicators by using EO data. EO also has a wider potential to support the SDGs beyond the existing indicators.
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1. Introduction


In 2012, the United Nations (UN) Conference on Sustainable Development (Rio + 20) was held in Rio de Janeiro; 193 member states agreed on a new and comprehensive framework called the Sustainable Development Goals (SDGs). The SDG framework was intended to be an integrated development agenda to 2030 that would apply equally to developed and developing countries and address all three dimensions of sustainable development (environment, social and economic) and their interlinkages [1].



The SDGs were ratified by the UN General Assembly at the Sustainable Development Summit in New York on 25 September 2015. All signatory countries committed to monitoring their progress towards the 17 goals at the heart of the SDGs by assessing past and current conditions at national and sub-national levels. To achieve this, the UN created a framework of 169 targets and 232 unique indicators that are meant to frame national agendas and policies up to 2030 [2].



The Inter-Agency Expert Group for the SDGs (IAEG-SDGs) established three working groups responsible for formulating these indicators and targets, as well as methods for ‘populating’ the indicators with appropriate data and communication and coordination with all partners (international organisations, civil society, governments, academia, and the private sector). The IAEG-SDGs Global Indicator Framework was officially adopted by the UN Statistical Commission in March 2017 [3] and, initially, the IAEG-SDGs classified the indicators into three different tiers based on how well established the methodology was at that time and the data available to allow the population of the indicators: Tier I (well-established methodology and data are widely available), Tier II (well-established methodology but data are not collected regularly by the countries), and Tier III (no established methodology to collect the required data and data are not available). Each of the SDG indicators has a set of metadata guidelines to aid interpretation and transferability; these include indicator definition (objective and purpose), computational methodology (refers to how the indicator is computed and disaggregated into multiple sub-indicators) and sourcing of data (the main source of data, collecting method, the frequency of data collection, data providers and data availability) [4].



The IAEG-SDGs regularly reviews the Global Indicator Framework to add more indicators, alter existing ones and, if required, update the status of the tier categorisation of the indicator (see Table 1).



To populate the IAEG-SDG indicators at the country level, many different types of data are required; these are mostly derived from eight sources: census data (CD), household surveys (HS), agricultural survey (AS), administrative data (AD), Civil registration (CR), economic statistics (ES), geospatial data (GD), and other environmental data (Env) (Table 2) [6]. However, data alone are not enough, as they must be transformed (e.g., data combined to generate a single indicator), analysed, interpreted, and communicated to those who would make use of the indicators. Therefore, the UN noted a requirement to “intensify efforts to strengthen statistical capacities of developing countries and least developed countries are among the particular cases that need special attention in this regard” ([2], paragraph 74). This includes a requirement to ensure access to quality and disaggregated data, including geospatial and earth observation (EO)-derived data [2]. Environmental data can include in situ observations, ground-based or aircraft remote sensing or satellite remote sensing. Here we use the broad term earth observation (EO) to describe predominantly satellite-based remote sensing. This term often also includes remote sensing from both crewed and autonomous aircraft where similar imaging techniques are used.



Geospatial data play a crucial role for many of the SDG indicators, as well as for disaggregated analysis of socioeconomic SDG indicators [6,7,8,9,10]. For instance, converting household surveys into geospatial data can facilitate disaggregation and analysis by spatial characteristics, e.g., proximity to roads or levels of urban development [6]. In recent years, there have been efforts to integrate the geospatial approach into the national statistics offices (NSOs) of many countries [11]. Likewise, geospatial tools can easily manipulate large datasets such as those derived from EO satellites, aerial photography (AP), lidar, information and communications technologies (ICT) (e.g., social media, mobile, and crowdsourcing data). The processing to derive information products from these different sources is increasingly dependent on artificial intelligence and machine learning. These tools can manipulate large data sets and the artificial intelligence methods are often referred to collectively as ‘big data’ or the ‘data revolution’ [6,7,8]. Processing and analysing large datasets in real-time can reveal patterns, trends, and interactions, thereby deriving information and insights on human behaviours and wellbeing, and helping to target aid interventions to help vulnerable people [12].



However, of all these elements, the one area that is perhaps still in its infancy is the use of EO technology to populate the IAEG-SDG indicators (herein referred to as the SDG indicators) particularly for those indicators in the social and economic domains of sustainable development. Using EO technology for social and economic domains is an area of active research; much progress has been made in recent years as the availability of satellite data and tools to manipulate them are more readily available. Notwithstanding this progress, much remains to be done; the time is now right to review the current state-of-the-art and chart a path for the future.



Therefore, the purpose of this paper is to provide a conceptual review [13] of the literature focusing on efforts to use EO technology in populating the SDG indicators. The paper structure is presented in Figure 1 and it begins with an analysis of the literature of data challenges (including cost) behind populating the SDG indicators before moving on to explore the potential of using EO derived data. As part of this, it is necessary to give the reader a sense of how EO technology has progressed to date and the authors have included Supplementary Materials which set out some of the technical capabilities of EO-based instruments, EO data portals and data platforms currently available. Our review highlights the main applications of satellite imagery in sustainability and later links to peer-reviewed articles and best practices of populating SDG indicators. The paper applies a framework first developed by Andries et al. [14,15] designed to assess the potential of EO for the SDG indicators and expands it by considering the classification of indicators into the various indicator types based on the sustainable development pillars. This analysis was designed to identify the areas where more work is needed in the use of EO data for indicators, but also to understand the field that has been covered in recent years.




2. Data Challenges and Costs


Results from the Voluntary National Reviews (VNRs) 2019 [16], a process by which each country assesses progress made in achieving the SDGs every year, showed that most developing countries failed to populate the SDG indicators due to a lack of data. However, even when data are available, countries can encounter other challenges as highlighted in Table 2 [17].



Developing countries tend to have relatively weak statistical institutions with poor governance, constraints in obtaining quality data, a lack of time series [11], and often have large variations in data collection and presentation methodologies across space and time [18]. Kindornay et al. [19] highlighted other issues, such as lack of investment in staff, infrastructure, and tools (e.g., computers and software), low human capacity, highly fragmented statistical systems, and inadequate funding, most of these issues are under political influence; thus, data may even be misreported and suppressed for political reasons [20]. All of these issues can make indicator comparisons unreliable [11,16,17,18,21,22] (see Table 2).



Regarding EO-derived data, a survey conducted by the Intergovernmental Group on Earth Observations (GEO) [23], with 72 respondents from GEO’s member countries, revealed a series of challenges that cover organisational, technical capacity and data accessibility issues for NSOs to obtain the necessary data (Table 2). However, according to the UN Global Working Group on Big Data survey, 60% of interviewees (within 93 countries) noted that the main benefits of using big data from satellite imagery and other sources are “faster and more timely effective statistics”, “modernisation of the statistical production process”, generating “new products and services”, and “cost reductions” [24]. There have been challenges regarding the temporal resolution (revisit times) of EO satellites when these data are used for certain sensitive applications; however, in recent years there has been a shift from multi-day revisit times to daily revisit times [25], particularly through the establishment of small satellite constellations such as CubeSats, SkySat, and Vivid-I, which are able to close this temporal resolution gap [26]. In addition, cloud coverage, particularly in tropical areas, and satellite sensor failure can result in data gaps; this may limit their applicability. However, algorithms have been developed and are now often easily accessible on online computational platforms and portals (e.g., Google Earth Engine), which can partially fill in such data gaps [27,28].



Given recent developments in satellite programmes, many have noted that there is a need to invest in geospatial departments in NSOs, ensuring adequate human capacity with relevant skills, equipment, and software and policy frameworks to support the collection and use of EO data; countries also need to be open to reform in their institutional and regulatory context [29]. For example, the Applied Sciences Programme within the National Aeronautics and Space Administration (NASA) Earth Science Division has been implementing free training on the practical use of satellite data, covering the application of EO to disaster management, water quality management, health care (e.g., malaria early warning), fisheries management, air quality monitoring, and wildfires [30,31].



Jerven [32] made one of the first estimations of the financial costs of populating the SDG indicators in the policy paper ‘Benefits and Costs of the Data for Development Targets for the Post-2015 Development Agenda’, later elaborated in [33]. In both reports, Jerven estimated a global cost of US $254 billion for populating the SDG indicators over the 2016–2030 period, taking into account the need for the population census, living standards measurement studies, demographic and health surveys, core welfare indicator questionnaires, and multiple indicator cluster surveys. However, Demombynes and Sandefur [34] provided a much lower estimated cost of US $4.5 billion to populate the SDG indicators over the same period. However, these estimates do not consider the use of EO and ‘big data’, despite the UN “Data for Development” report (2015) suggestions that “cost savings might result from the use of new technologies” and should result in better quality and efficiency, and that the new technologies “may yield lower costs in the long run, but in the near term, they are likely to require new investments” ([6] p. 29). The report estimated a total cost of populating the SDG indicators to be US$902 to US$941 million per annum for all data types across 77 developing countries, where US$787 million would be attributed to traditional national statistical data and US$114 million to EO data (Table 2).



EO derived data are increasingly being recognised as a promising resource for tackling the challenges involved in data collection for indicators and the Integrated United Nations Committee of Experts on Global Geospatial Information Management (UN-GGIM) and GEO play key roles in realising this promise. These agencies are working with statistical communities, at both global and national levels, to support them on how they could benefit from the use of EO data to monitor SDGs. As a result, NSOs in countries such as South Africa, the United Kingdom, Nigeria, Philippines, Sweden [27], USA [35], Colombia, Senegal, Sierra Leone, Kenya, Tanzania and Ghana [36] have started exploring the use of EO satellite imagery and geospatial frameworks, especially to address indicators of SDGs 1 (End Poverty), 2 (Zero Hunger), 6 (Clean water and sanitation), 11 (Sustainable cities), 13 (Climate Action), and 15 (Life on Land). EO data can also provide opportunities to measure the indicator at the subnational level [35].




3. Potential of Earth Observation (EO) for Supporting SDG Indicators


The era of observing the Earth through satellites began in 1957 with the launch of the first satellites (Sputnik-1 and Sputnik-2) by the Soviet Union followed soon after (1958 to 1959) by NASA launching the Explorer satellite series. While images of the Earth had been captured by sub-orbital craft in the 1940s, the first orbital satellite image of the Earth was captured by Explorer 6 in 1959 [37]. Technology progressed rapidly and, in 1972, Landsat 1 provided the first images with a resolution of 80 m, followed by the European Space Agency (ESA) that has observed the Earth from space since the launch of its first meteorological mission in 1977 and later by European Remote Sensing (ERS) and Envisat missions satellites [38]. Today the main space agencies provide high-resolution satellite data at no cost to the user, including Landsat from NASA with 30 m and ESA Sentinel 2 with up to 10 m resolutions.



There are currently 260 operational EO satellites (having full functionality), 333 non-operational (usually historical satellites that have stopped sending data for several reasons) and approximately 200 satellites are in development (this includes satellites that have been approved and planned to be launched).



However, it needs to be noted here that a single satellite may carry several instruments (sensors) that provide EO data. A list of important current satellites, non-operational satellites and satellites in development (along with their sensors) is given in Supplementary Material Table S1 (which contains a list of 300 satellites, where 162 are operational, 116 non-operational, and 22 in development), based on data provided in three sources: WMO-Oscar [39], EO satellite portal [40] and CEOS [41]. The list covers the satellites’ characteristics (e.g., date and lifetime, type of instrument, spectral coverage), capabilities (temporal and spatial resolution, primary mission, imaging capability, data accessibility), and main applications. The satellites and instruments in Table S1 have been selected based on three criteria:




	
they have been or are used in a wide range of programmes in sustainable development by organisations such as GEO, ESA, NASA, JAXA, etc.



	
the instruments on board the satellites have provided data for more than 6 consecutive months



	
the instruments on the satellites can offer time-series data from a series of similar satellites (e.g., Landsat, Sentinel, NOAA, GOES, METEOSAT, HY).








EO satellites can be passive (measuring the light reflected from or the thermal energy emitted by the Earth) or active (measuring the interaction of energy emitted by the satellite with the Earth, e.g., through radar). Passive EO satellite sensors provide data at various spectral, spatial, and temporal resolutions. The spectral resolution refers to the wavelengths of radiation that can be detected by the instrument and, for example, in the visible and shortwave infrared regions, the information in different spectral bands can provide a spectral ‘signature’ for different land cover types (e.g., vegetation, soil, water, buildings). Spatial resolution (typically reported as the number of metres covered by one dimension of a single pixel) is a measure of the observable detail in an image, and modern optical sensors provide multispectral and panchromatic (PAN) imagery at much finer spatial resolutions than seen in previous decades [42] (although the chosen resolution for a modern mission is a compromise between resolution and coverage.) Different space agencies, companies, and other organizations categorise the spatial resolution of satellite images differently; thus, ‘high resolution’ can have a variety of meanings. In general, the categories used for images are classified as shown in Table 3. Satellite data can also be categorised by the type of orbit the satellite is in, whether it is in a high geostationary orbit (so it always observes the same locations on Earth) or in a low Earth orbit (so it tracks the surface as it orbits).



Free and open access data play a key role in enabling the discovery, retrieval, and manipulation of data to monitor the planet [44]. For instance, NASA and the U.S. Geological Society (USGS) have provided free Landsat imagery since 2008 [45]; ESA has released free data (e.g., ERS, Envisat, Meteosat) since 2010; now, all data from the operational Sentinel missions are freely available via the Copernicus Programme [46].



Open data can be freely used, re-used, and redistributed by anyone, whereas commercial data, such as VHR imagery from commercial satellites, require the user to purchase the data and to follow a license agreement. Commercial satellite imagery can be expensive depending on the size of the area of interest, spatial resolution and number of observation dates required. Rudd et al. [47] provided an example of using commercial satellite data for precision agriculture, as this application benefited from higher spatial and temporal resolutions than space agency sensors can provide; however, they considered these data expensive for their application. Comparisons of the cost-effectiveness of EO-derived data versus other sources of data are still relatively rare in the literature; nevertheless, examples are provided by [48,49,50,51,52].



The findings of these studies suggest that using EO-derived data can be more cost advantageous compared with the use of other data; however, the savings depend on the scale of the project and what other types of data are available. For example, Bruzelius et al. [52] conducted a cost-effectiveness analysis for their approach in detecting the healthcare service buildings for an area in south-eastern Liberia; the computational and data cost involved was USD 12.30; if the method was applied for the entire country, the cost would be approximately USD 141. These low prices show that EO-derived data can provide information at a substantially reduced cost compared to the traditional monitoring costs, which determines SDG indicators accessible for all nations, thus providing an opportunity for “leaving no one behind” [51].



There are numerous web portals and services that enable the discovery, access, and use of EO data and derived information products. These can be classified into three main categories:




	
EO data portals



	
EO processing, visualisation, and cloud computing platforms (where the term ‘platform’ in this paper refers to those online resources layer which provides the ‘back-end’ functionality of EO satellite images, rather than the engineering use of “platform” used to contrast the “satellite” with its “sensor”)



	
EO derived thematic products and services [53,54]








There are around 25 EO data portals that provide free (to the user) and open satellite data at medium spatial resolution (e.g., Sentinel and Landsat) and historical VHR data (these are listed in Supplementary Material Table S2) [55,56,57,58,59,60,61,62,63,64,65,66,67,68,69,70,71,72,73,74,75,76,77,78,79,80]. Free and open access EO data are generally provided by taxpayer-funded national and international space agencies and are provided for the public good. They play a major role in expanding the spectrum of new users and applications [81]. There are numerous commercial suppliers (e.g., PlanetLab, Maxar Technologies, Iceye, Earth-I, EarthBlox, Pixera, Surrey Satellite Technologies, etc.) that offer EO satellite data and/or products for a cost or a subscription plan tailored to the clients’ needs.



EO processing and visualisation platforms provide images that have passed through several ‘levels’ of processing, integration, and analysis of raw EO data. Corrections at these levels include radiometric calibration, atmospheric correction, and the derivation of products from the satellite data (such as land classification maps); these EO-based products are often further processed and combined with other geo-referenced socio-demographic, economic and environmental data. The new cloud-based infrastructure services are becoming more important as they enable users to access, store, and analyse large volumes of EO data without having to download (and in some cases process) the raw data [53,81]. These cloud platforms provide ‘analysis ready data’ (ARD) which are normally geometric, orthorectified and radiometrically calibrated [24]. They can include integrated technologies such as application programming interfaces (API) and web services to provide a more complete solution for big EO data management and analysis. Currently, there are around 14 major platforms that include big EO data management and analysis which offer mainly free data access with commercial infrastructure, but use different storage systems, and access interfaces of large EO data sets (listed in Supplementary Material Table S3) [53]. Among these platforms, Google Earth Engine (GEE) combines a multi-petabyte catalogue of satellite imagery and geospatial datasets with planetary-scale analytical capabilities and is available for scientists, researchers and developers to detect changes, map trends, and to quantify differences on the Earth’s surface [28]. However, one barrier to the use of such platforms is the need for computing skills and facilities to download and manipulate large datasets.



In terms of EO-derived thematic products and services, ESA, NASA, and other partners have created dedicated portals with advanced visualisation tools and services where users can directly access spectral indices such as NDVI, as well as products derived using advanced and complex algorithms that assess land degradation, land cover change, water quality, etc. These free-to-the-user higher-level products require less expertise to manipulate the EO data and generate products but are more susceptible to data misinterpretation as a result of accessibility with a lower expertise level. These products provide quantitative data to develop a baseline, assess trends, and address SDG indicators (a selected list of these thematic products is presented in Table S4) [82,83,84,85,86,87,88].



Such portals and platforms integrated with big data provide several benefits, as they provide a consistent, standardised product that has been developed by experts, that can be used by a wide range of users without those users needing an expert understanding (of the instruments) but lead to greater misinterpretation with assumptions made about the sensor performance [89,90]. One of the first systematic data cubes to be established was the Australian Geoscience Data Cube [91], which provides standardised data in a common format on a range of processing platforms and with common pre-processing. These analysis-ready data initiatives have great potential for NSOs; however, there has not yet been the investment to establish how best to use the data at the national level [24]. There can also be a misconception that such data can be considered reliable simply due to the volume of data available; however, this is not necessarily the case [24]. Efforts are being made through satellite communities such as CEOS CARD4L [92] to provide some consistent validation and evaluation of such products, although those initiatives are still at an early stage and quality statements should be cautiously interpreted.



It is critical for users of EO information to understand and consider the key characteristics (spectral, temporal, and spatial resolutions, and calibration uncertainties) of the satellites and their applications to determine which are the most suitable to address specific needs [37,93,94]. Some applications require data over relatively short periods such as monitoring oil spills [95], forest fires [96], and sea ice motion [97], while, for understanding long term trends of environmental and climatological issues, long time series of images, and multi-decadal stability of the data set, which implies radiometric accuracy, are essential [97]. Other applications are in between, needing seasonal imaging especially for crop identification [98], phenology [99], and wetland monitoring [100]. Table 4 illustrates a representative range of EO applications with strong relevance to various aspects of sustainable development, although it should be noted that this is by no means an exhaustive list.



Several peer-reviewed articles and case studies published since 2017 have explored the contribution of satellite imagery towards the SDG indicators and targets [14,15,27,35,36,90,154,155,156,157,158]. Some examples are provided in Table 5.



GEO and its space-agency arm CEOS has set out how EO can support the SDG indicators through their EO4SDG initiative [154]; more recently, they have published a report detailing the achievements of the programme, examples of application and further steps [155]. In particular, they noted successes in collaboration with UNEP in assessing SDG Indicators 6.6.1 (spatial extent of water-related ecosystems) and 6.3.2 (ambient water quality), with UNCCD on Indicator 15.3.1 (proportion of degraded land per total land), and with the UN Habitat on Indicator 11.7.1 (average share of the built-up area of cities that is open space for public use) which enabled these four indicators to be recognised as conceptually clear with internationally accepted methodologies. GEO suggests that EO data have a role to play in monitoring progress with 71 out of the 169 Targets and 30 out of the 232 indicators either directly or indirectly [154,155].



More recently, as part of the GEO EO4SDG initiative, in collaboration with the ESA, an analysis has been completed regarding the contribution of EO for the Global Indicator Framework [156]. In this analysis, the authors sought to identify those indicators where EO could reasonably contribute to the development or implementation of indicator methodology and based this on two main criteria which they refer to as “readiness” and “adequacy”. A “traffic light” system of red, amber, and green colours was then applied across a suite of 34 selected indicators to flag EO relevance.



A further example of an analysis of the potential of EO for the SDG indicators is provided by EnviroAtlas, developed by the United States Environmental Protection Agency and other partners. EnviroAtlas provides a collection of web-based, interactive maps of environmental and socio-economic data that support numerous SDG targets and indicators that cover goals 6, 11, 15 and 4.



The increasing trend of launching constellations of nano and microsatellites (operates between 60 and 100 small satellites) into space has been clear and well established in the last two decades, aiming for higher spatial resolution and near real-time measurements and continuous monitoring due to the daily revisit times [159]. In addition, there is an increasing willingness to a partnership between the EO companies and custodian agencies exploring the use of EO data to address SDGs. For instance, Planet Labs is working with UN agencies, Kongsberg Satellite Services (KSAT) and Airbus to help measure the SDG indicators by offering free access to VHR satellite, (<5 m) for 64 countries involved in monitoring tropical rainforests. This partnership also helped support an interactive platform called “Global Forest Watch”, (an open-source web application that monitors global forests in near real-time) [160].



Another example of an EO company engaging with the SDGs is the Maxar company [158]. Engstrom et al. [161] investigated whether high-resolution satellite imagery from Maxar Technology can accurately and affordably estimate the economic well-being of 1291 Sri Lankan villages from space using machine learning and VHR imagery focused on proxy indicators, such as car counts, building density, green space, and more, which have all been used in models to predict the spatial variability of poverty across urban areas. Maxar VHR satellite data have also been used to map areas at high risk for malaria, based on population density and proximity to standing water. This has helped health workers determine the required number of life-saving mosquito nets and the exact locations to use insecticides [162]. Another example is the use of EO and mobile phone data to help understand the disparity in transportation use by gender and the role it plays in inequality (SDG 5) in Santiago, Chile. The GovLab and its partners DigitalGlobe, UNICEF together with other organisations, established the first-ever baseline study of the urban mobility experiences of women and girls, in which VHR satellite data play a role in human mobility patterns [163,164,165].



Among many case studies that address the more environmental SDGs, ESA presented an example using satellite data and algorithms targeted at detecting illegal waste sites [36,166]. They identified 207 sites classified as suspicious across one test area of 7000 km2 in the UK [167]. These sites are often associated with lower income and high-rate crime areas and, thus, can help address indicators within SDG targets 12.4, 6.3 and 11.6 [36].




4. Assessing EO Contribution to SDGs Indicators Using a Maturity Matrix Framework (MMF) Approach


In 2017 and 2019, Andries et al. [14,15] presented analyses of published literature and other reports on the applicability of EO satellite data for SDG indicators using a structured MMF based on six premises (uncertainty assessment, directness, completeness, requirement for non-EO information, practicability, and cost-effectiveness analysis). The indicators were allocated an aggregate assessment score (entitled Maturity Matrix Score (MMS)) based on the premises detailed in [15] and their overall potential for being populated with data from EO sources. Two versions of the MMF framework were produced and, using the latest version (MMF 2.0), applied to all 232 SDG indicators some 80 of them were determined to have some potential for being populated with data by EO. Of these, EO was found to provide weak support (MMS between 1 and 2) for 25 indicators, partial support (MMS values between 2 and 4) for 40 and strong support (MMS values between 4 and 5) for 15 indicators. The remaining 152 indicators had no evidence that EO could be used (at the time of the research).



The SDG indicators have not been formally classified in terms of the three pillars of sustainability (economic, social, and environmental) by the IAEG-SDGs; there have been, perhaps surprisingly, few attempts to do this reported in the literature. Some exceptions are provided by Paoli and Addeo [168] on the SDGs, Tremblay et al. [169] for the SDG targets and Cochran et al. [35] for the SDG indicators. Such a classification of indicators can be useful from a policy point of view [170] and can help to identify priorities for early action, understand implementation challenges, detect data gaps and indicate the trade-offs among SDGs [168].



A widely used taxonomy of indicators is based on the three pillars of sustainability that includes environmental, economic and social indicators (sometimes institutions are listed as a fourth dimension) [171]. Social indicators deal with broad categorical concerns of well-being (e.g., OECD’s survey “How is life?” [172]), values (e.g., human values [173]), agency (demographic and health surveys [174] and inequality (often calculated via Gini coefficients) [175]). Economic indicators are statistics that allow an analysis of the economic performance of a country and are classified into two main categories: economic structure (e.g., gross domestic product (GDP), investment share in GDP, the balance of trade in goods and services) and consumption and production patterns (e.g., consumer price index (CPI), producer price index (PPI), household consumption, etc.) [171]. Environmental indicators are based on the four main Earth systems: atmosphere, hydrosphere, lithosphere, biosphere. Some environmental indicators are based on the human (anthropogenic) impact on the four main Earth spheres. The processes of human interaction and the Earth-system response to that interaction, such as pollution flows and natural resources stock (e.g., greenhouse gas emissions—CO2, SOx, NOx, methane), use of water resources, river quality, wastewater treatment, land-use changes, protected areas, use of nitrogenous fertilizers, use of forest resources, trade in tropical wood, threatened species, fish catches, waste generation, municipal waste, industrial accidents). Lastly, partnership indicators measure the effectiveness of cooperation between two or more organisations [176].



The authors classified the SDG indicators into five main categories, as follows: social, economic, environmental, the comprehensive indicators—socio-economic and socio-environmental—and partnership; the results are presented in Figure 2. The assessment resulted in 94 social indicators that mainly related to social inclusion and inequality reduction (SDG 5 and SDG 10), poverty eradication (SDG 1), quality education (SDG 4), sustaining good health and well-being (SDG 3), and promoting peaceful and inclusive societies (SDG 16). There are 14 economic indicators mostly represented by GDP (in its various forms) that can be found in SDG 2, SDG 8, and SDG 10. There are 27 SDG environmental indicators that encompass issues of water scarcity, water resource management (SDG 6), climate change (SDG 13), loss and degradation of biodiversity and ecosystems services (SDG 6, SDG 13, SDG 14, SDG 15), deforestation (SDG 15). Most partnership indicators (14 out of 16) occur in SDG 17, as the goal focuses on progress made in strengthening global partnership and in improving financial governance. The last category, comprehensive SDG indicators, cover 96 indicators, of which 30 have socio-environmental features and 66 include socio-economic dimensions of sustainability. Therefore, the SDG indicator framework has an imbalance across the three pillars of sustainability and is mainly focused on the socio-economic aspects with only 27 environmental and 30 socio-environmental indicators.



Based on the MMF 2.0 [15] summarised above, we have re-evaluated all SDG indicators using the latest best practice case studies and approaches available in the literature and reports up to mid-2021 and have applied the categories presented in Figure 2. The results (see Figure S1) suggest that 108 SDG indicators could be populated, at least in part, by using data from EO. These comprise 19 indicators with weak support from EO, 67 with partial support from EO, and 22 with strong EO support. The remaining 139 indicators had no evidence (yet) (see Figure 3) that EO data could be used for their support; however, this is a rapidly evolving field in which future approaches to using EO data for social indicators may be developed.



These results have been sorted further in Figure 3, based on the indicator types of Figure 2. The findings suggest that a strong contribution of EO data is predominantly within the environmental type indicators; however, that was not exclusive, as several social-economic indicators (e.g., indicators 1.4.2, 1.5.1, 1.5.2., 2.1.1, 11.5.1, 11.6.2) can be also measured directly by EO data. For instance, indicator 1.5.2. (direct economic loss attributed to disasters in relation to global GDP) can be directly measured by EO datasets; Pham et al. [177] have shown an approach of automatic detection of building damage of an earthquake, and EO optical and radar imagery can be used to gather useful information on the economic loss on other disasters (e.g., flooding, transport infrastructure, fires, landslides, etc.) at different stages. Satellite data of very high spatial and temporal resolutions play a critical role in disaster management.



Moreover, indicators with partial support from EO are spread amongst all indicator types, reflecting the potential of EO satellite-derived data to play a role in calculating the SDG indicator via a proxy indicator. For example, SDG indicators 16.1.1 (number of victims of intentional homicide per 100,000 population, by sex and age) cannot be measured directly by satellite data. However, Patino et al. [178] investigated the influence of the urban layout (e.g., impervious surface percentage, type of roofs, land cover types) on homicide rates using VHR image and integrated census data for socio-economic variables; thus, they found associations of higher homicide rates with more heterogeneous and disordered urban layouts. Likewise, EO data have been used to monitor conflicts (bombing, military presence, war) by using historical records of the areas that changed over time and humanitarian efforts, for example, by spotting refugee camps and estimating the number of refugees from space [149]; all these applications can be linked to SDG indicator 16.1.2 (conflict-related deaths per 100,000 population, by sex, age and cause).



A weak contribution of EO data to supporting the indicators occurs primarily among indicators within the more socio-economic category. By its nature, SDG indicator 8.3.1 (proportion of informal employment in total employment, by sector and sex) cannot be supported directly by EO data; nevertheless, Ghosh et al. [179] explored the potential for estimating the formal and informal economy for Mexico using known relationships between the spatial patterns of nighttime satellite imagery and economic activity. They developed regression models between spatial patterns of nighttime imagery and adjusted official gross state product (AGSP) for the USA states. These regression parameters derived from the regression models of the USA were ‘blindly’ applied to Mexico to estimate the estimated gross state income (EGSI) at the sub-national level and the estimated gross domestic income (EGDI) at the national level. Comparison of the EGDI estimate of Mexico against the official gross national income (GNI) estimates suggested that the magnitude of Mexico’s informal economy and the inflow of remittances are 150% larger than their existing official estimates in the GNI.



Comparison of the MMF results from 2019 to 2021 (see Supplementary Material Figures S1 and S2) reveals 30 new indicators over these approx. 2 years where there is published evidence that EO can provide some support. This suggests that researchers are increasingly finding ways to use EO data in social and economic indicators. It also reflects the amendments agreed by IAEG-SDG in December 2020 that introduced new indicators and revised or removed others.



Figure 4 illustrates these 30 indicators with new EO-based methods, categorised into their type and role of the EO contributions. Many of the social indicators that have new EO-based methods are related to education. For instance, in one of the new approaches, Yazdani et al. [180] noted that EO data can provide appropriate reliability, accuracy, and convenience for identifying rural schools in Liberia via machine learning approaches; based on their approach, UNICEF [181] launched an initiative to map every school in the world, thus contributing to achieving SDG 4 (quality education). In addition, the usage of night-time satellite data can help monitor aspects of education facilities, such as access to electricity [182,183] and drinking water [184], which are closely linked to SDG 4.a.1 indicator (schools with basic service as electricity and internet). Furthermore, Andries et al. [185] used VHR satellite data and enrolment data to calculate the primary school classroom area per pupil in rural Nigeria. They found that over 70% of the 1900 schools evaluated could be classified as overcrowded (according to Nigerian government metrics), this being highly correlated with poverty and literacy rates. Andries et al. [185] also analysed their area per pupil result via the MMF approach, which characterised this EO support as partial for the SDG indicators 4.1.2. (Completion rate in primary education, lower secondary education, upper secondary education) and 4.6.1 (Proportion of population in each age group achieving at least a fixed level of proficiency in functional (a) literacy and (b) numeracy skills, by sex). While area per pupil is not an SDG indicator, it potentially provides a useful contribution since overcrowded schools influence SDG indicators, such as completion of primary education and absenteeism, and can lead to low literacy and numeracy rates. The study is a proof of concept that was further validated in situ by Andries et al. [186].



The good health and well-being goal (SDG 3) is another social goal where new methods have been derived to evaluate indicators using EO data [187,188,189]. For example, Bruzelius et al. [52] used EO images and machine learning to assess health services in remote villages, thus providing information that partially contributes to indicator 3.8.1 (coverage of essential health services).



The latest developments in satellites continue to help to support the more environmental-based SDG indicators. One of the latest SDG indicators introduced at the IAEG-SDG December 2020 update [5] is 13.2.2 (total greenhouse gas emissions per year). EO data can help validate or complement this indicator through the wide availability of satellites; however, EO is not currently discussed in the methodological guidelines [190]. Satellites (e.g., Gases Observing Satellite (GOSAT), Orbiting Carbon Observatory-2 (OCO-2), TanSat) have been used to measure atmospheric column-averaged concentrations of the key greenhouse gases CO2 and CH4 at the global level. These can be used to complement the current methods, using flux inversions to provide estimates of natural fluxes of CO2 and CH4. ESA’s Greenhouse Gases Climate Change Initiative [191] has created consistent and quality-assured products with rigorous uncertainty analysis based on these satellites, which are available via the Copernicus Climate Data Store [192]. More recent public (e.g., Sentinel 5P) [193,194] and private (e.g., GHGSat) [126,195] missions provide more detailed spatial information and can begin the process of determining emission fluxes (rather than concentrations of mixed gases) for the larger emissions (city air pollution and oil and gas fugitive emissions) [196,197]. Therefore, the current data from these satellites can be translated into actionable information to achieve the goals of COP 26 and SDG 13 (climate action) [198]. Furthermore, there are new missions in development that will further increase our understanding and direct monitoring of GHG emissions (e.g., Microcarb). An area of current research is the exploration of the potential of other medium and high resolution platforms, not initially designed for atmospheric retrievals, such as Sentinel 2, PRISMA, WorldView-3, to fill the spatial and temporal gaps in mapping methane plumes from point emitters [197].



As can be seen in Supplementary Material Figure S2, 11 indicators that had weak support from EO, have ‘upgraded’ to providing partial or strong support from EO due to new publications with new EO-based methods. For instance, indicator 7.1.1 (proportion of population with access to electricity) had an MMS of 2.5 (amber) in the original MMF 2.0 dashboard analysis, based on the project India Lights [199]. This project was a collaboration between Development Seed, the World Bank and the University of Michigan that used the DMSP images to extract the light output of individual villages to show those that had access to electricity. However, in this latest review, we increased this indicator’s MMS score from 2.5 (amber) to 4 (green) based on a joint project (by Facebook, The Energy Sector Management Assistance Program (ESMAP) at the World Bank, the KTH Royal Institute of Technology, the World Resources Institute (WRI), and the University of Massachusetts Amherst) that developed a predictive model for mapping medium-voltage distribution using night-time satellite data, a MODIS land cover dataset and geospatial products (e.g., different type of roads, railways, political boundaries). The increased score came from the new work on assessing uncertainty (with more validation against ground-truth data) and improved practicability premises (with the method now integrated into the end-user’s decision-making in several countries [200] with the possibility to replicate the model (using the model documentation and codes) to other countries [201].




5. Discussion


The SDG framework, with its targets and indicators, stands as the most comprehensive, universal, and ambitious plan to end poverty, promote prosperity and people’s well-being and protect the environment, and has been agreed to by 193 world leaders spanning the developed and developing worlds. The achievement of the SDGs relies prominently on the availability and use of relevant, reliable, and timely data to measure progress, inform policies and target those areas that need improvement. Traditional data sources have administrative and technical limitations, in terms of data access, standardisation and quality, lack of awareness concerning the benefits of current technologies, lack of financial resources, technology and skills gaps, geographical constraints (in terms of developing space projects), and coverage gaps across space and time [202]. Indeed, surveys suggest that 73% of countries require assistance to upgrade existing data sources [203]. Thus, the world is currently not on track in terms of being able to populate the SDG indicators; only 44% of the SDG indicators have sufficient data for global monitoring. However, the advent of new EO technologies, either by themselves or combined with traditional data sources and methods, offers the opportunity to provide robust and timely data on a routine basis for monitoring and decision-making that supports the achievement of the SDGs.



Given a large number of satellites/instruments and their capabilities (spatial, spectral and temporal resolution) (Table S1), free and open access portals (Table S2), data cubes (Table S3), and EO thematic platforms (Table S4), there is potential to monitor every place on Earth. EO data can help save time and cost [204,205] compared to the generally more labour-intensive traditional approaches. There are some common misconceptions related to the economic cost of VHR [206,207]; performing cost-effectiveness analysis can help identify the most effective and competitive data [208,209]. For instance, Watmough et al. [51] examined the role of using satellite data to assess the household wealth by considering the spatial landscape use, size of the building, agricultural productivity, land use and cover surrounding the household as predictor variables. They also estimated the price for traditional and EO analyses. Surveying 330 households in rural areas of western Kenya would cost USD 106,500 per year, compared with USD 1750 to USD 5000 per year for 100 km2 (covering the same 330 households) using VHR satellite data. They demonstrated that satellite data can predict household wealth with 62% accuracy compared with the traditional sampling methods and suggest that EO data be used to understand the dynamics of changes in wealth between less frequent household surveys.



Nevertheless, there are capacity issues within NSOs that need to be addressed to enable access to and use of EO data. These issues are not only about providing training to NSO staff, but also about the strategic direction in the political agreement process and cooperation between geospatial and EO communities, organisations, ministries, and stakeholders. Likewise, there is a need for investment in the official statistics community in terms of EO data manipulation,interpretation, and digitalisation.



This issue can be resolved by increasing technical capacity and infrastructure, but also via regulations designed to build and consolidate trust among different stakeholders involved in data sharing. Since 2015, GEO and its initiative EO4SDG, custodian agencies and academia increased their efforts to explore the potential of EO and geospatial data to support SDG indicators and targets; thus, in the last couple of years, there have been several reviews that assess the EO contributions for SDG indicators under various frameworks and analyses alongside practical guidance [14,15,27,35,36,90,154,155,156,157,158]. Despite these developments, some countries are reluctant adopters for several reasons, such as concerns about satellite data “spying” and confidentially, or because of a lack of data standardisation and/or because they do not yet have the technical and infrastructure capacity in using EO data [210]. Notwithstanding such reluctance, there are several examples of fruitful collaborations between country NSOs and geospatial agencies, such as the case of Ireland, Sweden, South Africa, Colombia, the Philippines, and the UK that integrated EO and/or geospatial data for indicators that cover SDG 6, 11, 13 and 15.



In this paper, the framework developed by Andries et al. [15] was applied to the most recent publications (up to June 2021), updating a similar analysis presented in the earlier paper. Interestingly, rapid progress in terms of the EO data usage for supporting the SDG indicators has occurred in the last 3 years, revealing an additional 30 SDG indicators that can be measured by EO data (mostly through an indirect approach), with 26 of these indicators having socio-economic features. This rapid progress in the most recent years is likely driven by the increased availability of open source data, the collaboration between various organisations, including the commercial sector, academia and GEO and other organisations that continue to provide efforts promoting this type of data at the Statistical Geospatial Integration Forum [211] and other relevant events [212].



However, there remain 139 SDG indicators for which there is currently no EO support. When classifying the SDG indicators based on their sustainability pillars in the present research, we observed that 174 (71%) of the SDG indicators are strongly oriented towards social or economic pillars, which implies some barriers in the use of EO data for indicators in those categories.



Likewise, we considered it valuable to classify the SDG indicators with regard to the well-established Driver-Pressure-State-Impact-Response (DPSIR) analysis [213,214,215] (a framework that describes the interactions between society, environment, and socio-economic outcomes) as a further perspective on the components of the SDG that can be monitored using EO data. This classification has been performed by Andries et al. [216] and Masó et al. [217], and both found an uneven distribution of the SDG indicators into the five DPSIR components, with a large percentage of response and state indicators (32% and 41% respectively), followed by impact (18%), driving forces (6%) and 3% for pressure indicators.



Response indicators cannot be measured directly by EO and can only rarely be assessed via proxy indicators. As an example, consider the response indicator SDG indicator 14.6.1 (degree of implementation of international instruments aiming to combat illegal, unreported and unregulated fishing). This indicator monitors the human action (the response), i.e., whether countries are enforcing international agreements about illegal fishing through management strategies, regulations and policies. EO data can support the overall aims behind this indicator through an indirect approach, as satellites sensors can monitor maritime traffic at night using ship lighting and, thus, implicitly observe fishing activities [136,218,219]. When illegal fishing is spotted from space, as Park et al. [209] have shown in their study, this would reflect poor governance and legislation in those countries (thus this is an indirect observation of the response indicator).



Earth observation (EO) could have the highest contributions (based on the wide variety of satellite sensors and capabilities) on the environmental SDG 15 (life on land). However, even here, (as shown in Figure S1) four indicators, 15.6.1 (number of countries that have adopted legislative, administrative and policy frameworks to ensure fair and equitable sharing of benefits), 15.8.1 (proportion of countries adopting relevant national legislation and adequately resourcing the prevention or control of invasive alien species), 15.a.1 ((a) official development assistance on conservation and sustainable use of biodiversity, and (b) revenue generated and finance mobilized from biodiversity-relevant economic instruments) and 15.b.1 (same as 15.a.1), cannot be supported by EO data due to their nature of the human decisions to the changes. On the other hand, pressure indicators on the environment such as wildfires, illegal logging, pollution, land-use change, light pollution, urbanisation, are readily measurable by EO; however, they are not covered in the SDG framework.



Therefore, the ability of EO data to support the existing SDG indicators is affected by the socioeconomic nature of the SDGs framework and by the conception and formulation of the indicators. At the same time, EO data can bring to the SDGs framework new opportunities which have not been yet explored and new indicators not yet listed in the formal system, but which could have applicability to help address the SDG targets. As Bell and Morse [220] have highlighted, an indicator must be measurable in the sense that data must be available at the required quality, spatial relevance and timeliness; such data must also be cost-effective. In this vein, Masó et al. [217] and Cochran et al. [35] have proposed new indicators that are deliberately EO based and that can complement the existing indicators, providing valuable data that is currently missing.



The UN and custodian agencies, GEO, researcher communities, and other stakeholders should take the opportunity to work together to create new or adapted indicators that optimise the use of the available data such as from EO. Much needs to be done; however, the potential of EO-derived data for populating the SDG indicators is here and is growing. Further research, exploration and examples of applications will help to expand this frontier of possibilities.




6. Conclusions


This paper presents the data challenges for monitoring the SDGs and how EO satellite data have been used by different communities to support the SDGs and their indicators. It has analysed the contribution of EO data from assessments carried out by various organisations and the classification of the SDG indicators based on the three pillars of sustainability. We have drawn the following main conclusions from this:




	-

	
To achieve the SDGs, inform policies and investment decisions, high-quality data (relevant, timely, reliable, and internationally comparable) for measurement and validation are needed.




	-

	
Indicators require good quality data: the lack of data and/or outdated data, particularly in developing countries, is a major constraint for monitoring the SDGs.




	-

	
Traditional data can be expensive and come with other disadvantages: new technologies, including satellite EO data and methods, can play a major role in the provision of data for many SDG indicators.




	-

	
The plethora of satellites now observing the Earth provides data at different resolutions and capabilities that have been used in many applications related to sustainable development, including in populating the SDG indicators.




	-

	
The framework of SDG indicators has an imbalance between the three pillars of sustainability and is mainly focused on the socio-economic aspects of sustainability, with only 27 environmental and 30 socio-environmental indicators out of its total of 231 unique indicators. The framework is also biased towards the “state” and “response” indicators of the DPSIR framework.




	-

	
Satellite data can be used as indirect support for many SDG indicators and has greater potential to support the SDGs beyond the existing indicators.




	-

	
Despite the efforts of various organisations in developing satellite open access platforms (e.g., data cube, EO portals and visualisation platforms), there are still constraints to using these data and services. Furthermore, NSOs in many/several developed countries are constrained in making use of EO data for populating their SDG indicators.
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Figure 1. Paper structure. 
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Figure 2. SDG Indicator type based on the three dimensions of sustainability (Authors’ assessment). 
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Figure 3. SDG indicators type and the EO satellite contribution (based on MMF 2.0) (Authors’ assessment). 
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Figure 4. EO contributions for SDG indicators against the MMF 2.0 and the latest publications (Authors’ assessment). 






Figure 4. EO contributions for SDG indicators against the MMF 2.0 and the latest publications (Authors’ assessment).



[image: Sustainability 14 01191 g004]







[image: Table] 





Table 1. SDG indicator framework and tier classification update [3,5].
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	Date of SDG Indicator Framework Update
	Number of Indicators
	Indicator Amendments
	Indicator Tier Classification





	March 2016 (original framework)
	232
	N/A
	93 Tier I

66 Tier II

68 Tier III

5 multiple tiers



	December 2020
	231
	36 changes in which 14 indicators were proposed to replace existing ones, 8 indicators were revised, 8 proposals were made for additional indicators, and 6 indicators were recommended for removal
	231

130 Tier I

97 Tier II

4 multiple tiers



	March 2021
	231
	No modifications
	No modifications
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Table 2. Data type and challenges associated.
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Data Source

	
Data Type

	
Description

	
Data Challenges






	
Traditional national statistical data

	
Census data (CD)

	
CD is a systematic recording of information, focusing mainly on the population and takes place at least once every 10 years (varies between countries); NSOs are responsible for collecting these data.

	
Challenges in obtaining quality data

	-

	
lack of data accessibility and availability, data quality, data continuity, transparency, and accountability




	-

	
lack of funding/financing






Challenges in data processing

	-

	
difference in methodology




	-

	
limited human and technical capacity (e.g., skills and training, adequate staff)




	-

	
lack of developed infrastructure to support networking, high-performance computing, and the use of digitalisation










	
Household surveys (HS)

	
HS provides demographic and socio-economic data.




	
Agricultural survey (AS)

	
AS covers information about land use and ownership, operator characteristics, production practices, crop yields and productivity, income, and expenditures.




	
Administrative data (AD)

	
ADs are collected by government departments and include information about welfare, tax, health, and educational record systems.




	
Civil registration (CR)

	
CR is a collection of data that records main events in a person’s life (such as birth, marriage, divorce, adoption, and death). The primary responsibility for collecting such data is typically attributed to different Ministries and National Statistical Offices (NSOs).




	
Economic statistics (ES)

	
ES typically include data on the labour force, tax returns, trade statistics, etc. The scope of these data are to measure the financial performance of economic agents and can include estimates of Gross Domestic Product, Gross National Income, national poverty levels, household income, labour force participation and employment status, and economic losses from disasters.




	
Non-traditional data

	
Geospatial data (GD)

	
GD refers to all data from previous categories that are located with environmental data, that include geolocation as coordinates and topology, allowing the data to be illustrated geographically.

Environmental data can be derived from readily available imagery from satellites, airborne, drones, etc. at different spatial resolutions that are coupled with geospatial tools. Satellite imagery is currently used to populate environmental indicators linked to agriculture, biodiversity, forestry and land cover and use change.

	
Challenges in using EO data

	-

	
EO does not provide statistical indicators by default and requires expert processing and analysis




	-

	
analysis prone to software errors and human misinterpretation




	-

	
incompatibility with current statistical methodology




	-

	
cloud coverage limits availability, particularly in rainforest areas






Challenges in obtaining EO data

	-

	
limited technical capacity and EO/software skills in NSOs




	-

	
limited hardware and software infrastructure in NSOs




	-

	
lack of understanding of EO data value prevents investment




	-

	
reluctance to change the current method










	
Environmental data (Env)

	
Other environmental data refers to ground technologies or surveys. Many environmental indicators also include real-time monitoring of conditions, such as air quality in urban areas or water supply.
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Table 3. Spatial resolution of satellites in EO [43].
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	Spatial Resolution
	Examples of Satellites
	Scale





	Coarse resolution (>1000 m)
	e.g., GCOM, Envisat, Aeolus, etc.
	Global and regional



	Medium resolution (100 m to 1000 m)
	e.g., MODIS, AVHRR, Sentinel-3 OLCI, etc.
	Global and regional



	Fine resolution (5 m to 100 m)
	e.g., Landsat 5–8 TM, Sentinel-2, SPOT 5, DMC etc.,
	Regional and local



	Very high resolution (VHR) (<5 m)
	e.g., Rapid Eye, WorldView, Pleiades, SkySat, SuperView, etc.
	Local
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Table 4. Example EO satellite applications with relevance to the SDGs.
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Main Application

	
Classification

	
Example EO Applications






	
Environmental

	
Terrestrial

	
Land use and cover change [85]

Biodiversity and habitat assessment [101,102]

Inland water resources [103]

Forestry- Deforestation and Afforestation [104]

Reforestation [99]

Forest fire [105]

Agriculture (crop mapping) [98]

Hydrology [106]

Mining and mineral exploitation [107]

Species growth (phenology) [108]

Soil Moisture [109]

Soil organic carbon [110]

Snow cover and glaciers [111]

Species identification [112]




	
Ocean

	
Sea-surface temperatures [113]

Ocean colour and algae blooming [114]

Sea levels [115]

Algae blooming [116]

Floating plastics [117]

Sea-Ice [97]

Marine and coastal environments [118]

Species identification [119]




	
Atmospheric

	
Weather forecasting [120]

Radiation, evapotranspiration [121]




	
Climate system

	
Air quality and greenhouses gases [122]

Carbon Dioxide [123]

Ozone [124]

Nitrogen dioxide [125]

Methane [126]

Nitrogen dioxide [127]

Sulphur dioxide [128]




	
Socio-economic

	
Disaster management

	
Oil spill [95]

Disaster risk and damage assessment [129]

Geohazard risks [130]

Flooding [131]




	
Corruption

	
Illegal logging [132]

Favouritism [133]

Illegal fisheries [134]

Inflated GDP [135]




	
Transport

	
Ship tracking [136]

Transportation infrastructure [137]

Smart transport and logistics [138]




	
Socio-Economic development

	
Global population density [139]

Quality of life [140]

Ethnic minorities development index [141]

Poverty [142]

Economic growth and GDP estimation socio-economic activities [143]

Urbanisation dynamics [144]

Regional inequality [145]

Urban planning [146]




	
Energy

	
Electricity consumption [147]

Access to electricity [148]




	
Humanitarian

	
Human rights [149]

Natural disasters, structural damage assessment, and population estimation in settlements in conflict [150]

Forced labor [151]




	
Health

	
Incidence of breast cancer [152]

Response for Vector-Borne Diseases [153]

Access to health services [52]
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Table 5. Published assessments of EO data use in support of SDG indicators and targets.






Table 5. Published assessments of EO data use in support of SDG indicators and targets.





	
Title

	
Type

	
Year

	
EO Data Contribution on SDG Indicators






	
Earth observation in service of the 2030 Agenda for Sustainable Development [154]

	
Peer review

	
2017

	
First review of the EO contribution for SDGs, focusing on the role of GEO and GEOSS work and the actual use of EO in support of the SDGs.

Presents the major GEO projects that address indicators from SDG 2, SDG 6, SDG 15. Also, it discussed the importance of capacity building, data access, and global collaboration with NSOs and custodian agencies.




	
Satellite Earth Observation in support of the Sustainable Development Goals [36]

EO4SDGs Initiative [27]

	
Report

	
2018

	
The report presented best practices of using EO data for several indicators that cover SDG 2, SDG 6, SDG 11, SDG 14, and SDG 15.




	
2019

	
EO4SDGs Initiative is launching a series of pilot projects to apply and test uses of EO to support the assessment and tracking of the SDGs, including integration with national statistical accounts for the indicators.




	
Maturity Matrix Framework (MMF) 1.0 [14]

	
Framework

	
2018

	
MMF 1.0 is an analytical framework that is based on 3 premises (methods of processing EO data, requirement of non-EO information, and level of completeness). A total of 80 peer reviews and reports were systematically reviewed under MMF 1.0 to seek the potential of EO data to support SDG indicators. The MMF 1.0 was applied to all SDG indicators and found 84 indicators that were classified into three categories: weak support from EO, indirect measure by EO data and high potential of EO data directly to populate the SDG indicator.




	
Maturity Matrix Framework (MMF) 2.0 [15]

	
Framework

	
2019

	
MMF 2.0 is similar to the previous framework, but it evolved into 6 premises after expert interviews were conducted with 38 specialists in EO and sustainability.




	
A Review of the Sustainability Concept and the State of SDG Monitoring Using Remote Sensing [157]

	
Review

	
2020

	
The scope of this review was to summarise the work and best practices of using EO for supporting the SDG indicators.




	
Compendium of Earth Observation contributions to the SDG Targets and Indicators [156]

	
Compendium/Framework

	
2020

	
ESA Compendium presents case studies of using EO satellite-derived data for a total of 34 indicators which were assessed against a framework that discriminates the indicators into two categories; 17 indicators can be directly measured, and 17 indicators indirectly informed by EO data across 29 targets and 11 goals.




	
EnviroAtlas [35]

	
Review

	
2020

	
EnviroAtlas is a web-based, interactive map of environmental and socio-economic data relevant to the SDGs. It provides multi-resolution spatial indicators and introduced proxy indicators related to the SDGs.

The paper presents multiple examples of using EO for 47 targets across most goals.




	
Maxar company (formerly known as DigitalGlobe) [158]

	
Review

	
2021

	
The report summarised the case studies that address all SDGs.
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