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In this review paper, the authors identify priority areas, and opportunities for electric utilities in developing and emerging economies to incorporate Earth observation (EO) data into rural electrification planning, renewable energy resource assessment, distributed generation, grid operation and reliability, and disaster risk reduction and recovery efforts. Using a methodological framework, the authors conducted a comprehensive literature review of primary and gray literature. This paper reviews the many existing applications for EO data, such as the use of nighttime lights imagery for estimations of rural electrification, EO-derived normalized difference vegetation index (NDVI) products for vegetation monitoring for overhead transmission line management, solar radiance data for renewable energy project planning, and nowcasting for extreme weather events and other disaster monitoring. These and other applications can enhance energy security through improved governance of and access to modern and reliable electricity, renewable energy management, and disaster risk assessment in developing nations, paving the way for more sustainable social and economic development. Real-world examples of EO data use by utilities in developing and emerging economies, as well as barriers and opportunities for EO technology transfer, are discussed. Recommendations for stakeholder engagement, future EO training opportunities, and human capacity building are also presented.
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INTRODUCTION

The 2030 Agenda for Sustainable Development, adopted by the United Nations (UN) Member States in 2015, provides a shared blueprint of action centered around the 17 Sustainable Development Goals (SDGs), and an urgent call for action by all countries—developed and developing—to act in a global partnership to promote peace and prosperity. As one of the SDGs, UN SDG 71, “Ensuring access to affordable, reliable, sustainable, and modern energy for all” and electrification is a priority in many developing regions. Globally, about 1.1 billion people are without electricity, mostly in rural and remote locations in developing countries (International Energy Agency, 2017a). Lack of access to reliable, modern electricity is a significant obstacle to social and economic development, quality of life, and public safety, particularly within developing countries (International Energy Agency, 2014; Cook et al., 2015)2. SDG 7 plays a central role in supporting all other SDGs through direct and indirect contributions to environmental sustainability, human development, and sustainable economic growth.

Satellite-based Earth Observation (EO) data offer opportunities to advance understanding of both natural and human-induced global changes from which forecast models, information products and other tools could improve decision- and policy-making for various societal benefit areas (National Research Council, 2007; National Academies of Sciences, Engineering and Medicine, 2015; National Academies of Sciences, 2018). This is particularly important when addressing issues that are regional to global in scale or require resources that may necessitate transboundary cooperation. There are several distinct roles EO can offer when applied across atmospheric, marine, and terrestrial systems to assist with environmental governance, which could also potentially be applied to other societal benefit areas, such as the energy sector. The roles EO can offer center around the supply of information (including identifying data needed to address an issue, monitoring status of the issue or data trends over time, and assessing or evaluating success of applied solutions); assisting in early warning and/or disaster response; and documenting compliance with specific requirements or prohibitions (Young and Onoda, 2017). EO data also reduce the manual effort required to conduct feasibility assessments and increase accuracy. The combination of EOs and geospatial data with demographic and other sector-specific data offers an opportunity to provide the derived information needed by stakeholders to analyze and model potential resource related supply and demand scenarios, evaluate impacts across sectors and geographical regions, create maps and other visualizations to relay information, and otherwise assist end-users in making informed decisions that will contribute toward achieving the SDGs. Combined EO and demographic or socio-economic information can also provide a more nuanced analysis of environmental risks or management issues, allowing for improved governance of natural resources, energy resources, and populations. Applying this framework of EO applications to the energy sector offers a wide range of opportunities for facilitating developing countries' quest to improve access to reliable electricity and resilience infrastructure, incorporate renewable energy into the electric sector, and improve energy governance.

Public acceptance of new or unfamiliar technologies and infrastructure investments and siting is a crucial component in effectively addressing evolving energy needs and promoting good environmental governance (Haggett, 2009a; Devine-Wright, 2010). While regulatory frameworks vary drastically, in many countries the potential environmental, social, economic, and health impacts of large-scale projects, such as renewable energy installations, require a formal impact assessment process. For example, EO information can support environmental impact assessments (EIA) by providing historical, current, and projected environmental or human settlement-related information, contributing where knowledge and data gaps may otherwise occur and otherwise supporting consensus building between developers and community members (Maclean et al., 2014). Governing bodies must employ a constructive approach to obtaining public buy-in, particularly in renewable energy projects where community opposition to the unfamiliar and the Not-In-My-Backyard (“NIMBY”) phenomenon often plagues operational equipment siting (Larson and Krannich, 2016). Public engagement mechanisms take many forms and at a minimum should allow the public some degree of influence over the decision-making process. For example, granting local actors the authority over organization activities, such as coordination of meetings or creation of informational leaflets, enables a sense of ownership of the process and the project, thus increasing the level of trust (Areizaga et al., 2012). These and other approaches contribute to public acceptance of new approaches to energy management. The availability of EO information can support public engagement processes, such as in the siting of new renewable energy development projects (Hindmarsh and Matthews, 2008). Similarly, EO tools can also serve to provide stakeholders such as potential project developers or funders, grid operators, or national or private scale transmission entities, with renewable energy studies that take into account site-specific, seasonal variability forecasts for improved financial analyses (Kosmopoulos et al., 2018). Governance and public engagement can also be improved with greater understanding of human and physical environments or geography through EOs of appropriate resolution (Butler et al., 2011). EO tools can help to inform the public on potential impacts and opportunities of renewable energy installations by allowing visualizations to graphically represent relevant data or forecasts contributing to better understand potential impacts, community benefits, or justification for a new project. In Morocco, for example, EO information was used to identify settlements, and the boundaries of communities when assessing the development of large-scale solar installations (Hanger et al., 2016).

Additionally, the opportunity to engage end users of data products, such as those tools and information products incorporating EO, can influence future satellite mission design and ensure that investments in future EO capabilities are applications-oriented and serve both the scientific and user community. The need to foster closer relationships between the science and end user community, as well as incorporate socioeconomic factors in the planning and implementation of EO missions, is well documented (National Research Council, 2007; Brown et al., 2013; National Academies of Sciences, Engineering and Medicine, 2015).

This article provides an overview of the existing gaps and challenges to the use of EO data, current state of research, and examples of how electricity providers are incorporating EO data into rural electrification planning, renewable energy resource assessment, grid management, and disaster risk reduction and recovery efforts throughout the developing world. While there are myriad opportunities for improved utilization of EO by developing countries to meet their energy needs and goals, challenges to the successful use of EO remain and require careful consideration (Lahoz and Schneider, 2014). This review, based on a methodological literature search, is not meant to be exhaustive or encompassing of all applications, tools, research areas, or case studies, but instead sets a necessary foundation or baseline for understanding and addressing common barriers for EO uptake for the energy sector in the developing world. Toward that end, the article concludes with recommendations on how to maximize current applications and reduce barriers, particularly through stakeholder engagement, future tailored EO needs, and human capacity building.

METHODS

A literature search that followed a methodological framework was conducted using targeted vocabulary terms to query Google Scholar and Google Search. Google Scholar allows simultaneous searching of a large number of unique publication types, including peer-reviewed journal articles, theses and dissertations, books, abstracts, and technical reports from academic publishers, professional societies, online repositories, universities, and other web sites. Google Scholar was selected over other scholarly databases because of its breadth of publication types. In an exploratory scan of literature, the authors found that journal articles were primarily focused on highly technical research or one-off projects, whereas non-traditional documents provided a better representation of information about the existing use of EO in real-world energy management applications. A perceived limitation to using Google Scholar is that publication quality is lower compared with other scholarly databases. However, a recent comparison of Google Scholar, Scopus, and Web of Science concluded that Google Scholar found “nearly all” Scopus and Web of Science citations and that “most citations found only by [Google Scholar] were from non-journal sources” (Martín-Martín et al., 2018). Another potential limitation to using Google Scholar is that results are ordered largely by citation count, which may not be as robust as other scholarly databases that rank by relevance. To mitigate this limitation, the authors used focused search strings to limit results to those most relevant and performed a scan of all document titles returned to assess potential relevancy. Titles deemed potentially relevant were marked for further review.

The Google Scholar review was supplemented by a query of Google Search to identify gray literature, which are non-peer reviewed materials produced by government, business, and industry in a variety of formats including white papers, presentations, newsletters, and other non-traditional materials where “publishing is not the primary activity of the producing body” (Schöpfel, 2010). Gray literature was an important component of this review because of the authors' desire to highlight the practical applications of EO use outside of a research context. To ensure coverage of all major aspects of space-based remote sensing for energy applications, hand searches of individual websites of select electricity providers and consortiums were also conducted.

Search terms related to the use of EO data for energy management were used to query online databases and resources. Broad keywords used for the search are summarized in a table included as Supplementary Material. The keywords were identified in a preliminary review of recent government reports and similar documents to identify priority areas within the electricity sector. Search terms were augmented as appropriate to include plurals and variants, root terms, alternative spellings, and synonyms. Terms were combined as necessary using Boolean AND/OR/NOT logic to achieve a manageable number of search results. Due to the extensive body of research available, the search focused on resources published from 2010 to the present. Using this search strategy, 9,856 potential titles related to EO data for energy management were identified. To further narrow the focus, the titles were initially scanned for relevancy. A total of 2,763 documents were down selected for abstract/summary review. If an abstract or executive summary suggested that a document was relevant or did not make relevance clear, the document was prioritized for full text review. Of the 2,763 abstracts/summaries reviewed, 384 documents were prioritized for full text review according to the following categories and criteria3:

• Key Studies (High Relevance): Documents that described in detail the specific uses of satellite imagery or data products related to priority areas or documents that described sector needs directly related to priority areas. A total of 261 documents were identified as “Key Studies” based on abstract/summary review. An in-depth review of full text was performed for these documents.

• Relevant Studies (Intermediate Relevance): Documents that broadly described general uses of satellite imagery or data products directly related to priority areas or that were highly technical in nature. A total of 55 documents were identified as “Relevant Studies” based on abstract/summary review. An expedited review of full text was performed for these documents. Upon expedited review, documents deemed high relevance were recategorized as “Key Studies” and subject to an in-depth review.

• Supporting Studies (Low Relevance): Documents that broadly described uses of satellite imagery or data products tangentially related to priority areas. A total of 68 documents were identified as “Supporting Studies” based on abstract/summary review. An expedited review of full text was performed for these documents. Upon expedited review, documents deemed high relevance were recategorized as “Key Studies” and subject to an in-depth review.

• Not Relevant: Documents not meeting the criteria for any of the preceding categories. A total of 2,379 abstracts/summaries reviewed were considered “Not Relevant” for the purposes of this project and were excluded from full text review.

The bibliography sections of particularly useful or key articles/reports were also further examined for additional relevant references. These secondary references were then obtained and reviewed for relevance according to the above criteria. An exhaustive review of all available literature, however, was not conducted. The final results of the literature search included peer-reviewed literature as well as gray literature, such as industry/consortia reports, workshop/conference reports, and key research reports from federal government agencies and others.

REVIEW RESULTS

Results are presented in this section according to four key themes identified through the literature review: rural electrification, renewable energy, grid management, and disaster risk reduction, and response. For each theme, gaps and challenges are discussed, information regarding the current state of research is presented, and examples of the real-world use of EO data in developing countries are provided.

Rural Electrification

While significant progress toward UN SDG 7.1 “Ensuring access to affordable, reliable, sustainable and modern energy for all” has been achieved in certain regions of the world, a significant proportion of the global population, particularly in rural and remote locations, still lack this critical resource. For example, sub-Saharan African countries are among the least electrified in the world4. In Zambia, approximately 72% of a population of 17 million lacks access to electricity, with rates of inaccessibility as high as 95% in rural areas (Cader et al., 2018). Electrification rates in urban vs. rural areas may vary drastically even within a single country. For example, the electrification rate in the urban areas of Cambodia is 97% while only about 50% of Cambodia's rural population has access to modern electricity (International Energy Agency, 2017b). Cambodia plans to extend the national grid and build hydropower plants to improve the access of both urban and rural populations to electricity (International Energy Agency, 2017b).

In Indonesia and Myanmar, it is estimated that about 45 million people in total were without access to electricity in 2016 (International Energy Agency, 2017b). Improving access in these countries is a high governmental priority. Myanmar has developed a National Electrification Plan that includes expanding the centralized grid and financing DG/microgrid solutions. Similarly, electrification plans for Indonesia include extension of the existing grid, as well as microgrids that rely largely on renewable energy, such as hydro and solar.

The World Bank reported in 2014 that more than 300 million people in India are impacted by frequent outages or a complete lack of power due to insufficient infrastructure5. In 2015, the Government of India's Ministry of Power launched the “Deen Dayal Upadhyaya Gram Jyoti Yojana” scheme (DDUGJY) to reform the power sector, which claimed in April 2018 to have electrified all villages in India6. However, the Indian government considers a village “electrified” if it has basic electrical infrastructure, public places are electrified, and 10% of its households have electricity7. Given this interpretation, there appears to be ample opportunity to expand access to reliable electrification to most households in India.

Spatial information for energy access planning traditionally involves labor-intensive field studies and surveys to collect and analyze data. Freely available EO data have facilitated the development of spatial maps for developing countries, providing critical information for addressing the problem of electricity access. In areas where ground-based data are sparse, EO data can provide critical insight into environmental or energy-related parameters. Further, tools that combine satellite-based EO data with in-situ ground-based data can provide a valuable resource for understanding conditions for siting new projects or expanding grid infrastructure.

The application of EO resources offers the potential for electricity providers in developing nations to identify human settlement areas that may still be lacking the infrastructure and access to electricity and monitoring progress in electrification of remote, rural areas. While EO data cannot completely replace ground-based information, it provides an actionable, objective resource for identifying unelectrified areas, ideal siting locations for grid expansion, and areas suitable for self-sustaining microgrids to help in meeting electrification goals.

Gaps and Challenges

There are many barriers to electrification in developing countries, including inadequate policy or legal mechanisms, market drivers, governance structures, physical infrastructure, human capital, and data access or technological gaps (Urmee et al., 2009; Ahlborg and Hammar, 2014; Chauhan and Saini, 2015). In some cases, even land acquisition for project siting can be complicated due to protected land areas. Data on renewable resources is required but many developing countries are data poor in terms of ground-based data systems that monitor and map renewable resources. Often, data for electrification planning are difficult or costly to access because on-the-ground resources are required. EO data, particularly open access data, can be used to overcome the logistical and financial challenges of data acquisition in particular. The use of nighttime lights imagery is a well-established method for identifying unelectrified areas and the extent of rural settlements, although ground-based population data are often needed to supplement imagery-based population assessments to ensure accuracy (Cader et al., 2018). EO-based land use data have been used for the siting of grid infrastructure, although, without the use of data analytics, this method requires manual effort to assess aerial imagery for optimal locations. Further, internet access is required to obtain EO datasets, which can be a challenge in regions where accessibility is limited.

State of Research

To assess rural access to electricity in regions where census data may be lacking, data are needed to determine population density in relation to existing utility assets. Current research in this area is largely focused on the development of machine learning models that analyze high-quality EO data to reduce manual efforts involving field surveys and human interpretation of aerial images. Researchers have demonstrated the use of data analytics with EO data products to assess population density and village attributes. Settlement identification and the evaluation of density distribution using open access data from satellites such as Landsat, the Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER), Visible Infrared Imaging Radiometer Suite (VIIRS), and others have been validated by researchers as useful methods that can supplement survey data in regions where census data are incomplete or inaccurate. EO-derived data such as nighttime brightness, tree cover change, and thermal emission and reflection can be combined and modeled to predict likely population clusters (Stevens et al., 2015; Longwei and Dengsheng, 2016; Robinson et al., 2017; Engstrom et al., 2019). Researchers are also developing machine learning models with EO data to assess electric infrastructure assets, such as locations of power plants and overhead transmission lines, and to estimate asset reliability. Researchers at Duke University's Energy Data Analytics Lab recently developed a machine learning method that automates the evaluation of satellite imagery to determine electrification rates8. These and other models have demonstrated the ability to predict the current availability of electricity in remote areas and the quality of existing infrastructure using EO data from Landsat 8, Sentinel 1, VIIRS, Google Maps, and others (Varshney et al., 2015; Mann et al., 2016; Oshri et al., 2018). EO data and machine learning together will facilitate improved prediction and analytic capabilities for efficient grid planning and monitoring of electrification progress. The US National Aeronautics and Space Administration (NASA) introduced its Black Marble product in 2012 to replace the DMSP-OLS nighttime lights dataset. Black Marble provides images of Earth at night, taken from NASA's Suomi satellite using VIIRS, which offers a resolution significantly better than the previous system used to acquire nighttime lights data. Black Marble can be used to classify different types of population centers, such as urban, rural, suburban, villages, towns, etc. (Altaweel, 2018).

Real World Use of EO Data in Developing Countries

There are a limited number of current applications or real world uses of EO data in developing countries. Satellite imagery known as “nighttime lights” has been used to assess the expansion of electrification and electricity consumption over time and space. The National Oceanic and Atmospheric Administration (NOAA) maintains archived Defense Meteorological Satellite Program Operational Linescan System (DMSP-OLS) nighttime lights data from 1992 to 2013; however, the ongoing value of the DMSP-OLS dataset is limited because the data are no longer current. Nonetheless, researchers at the University of Michigan and The World Bank used this dataset to develop a map of the nighttime brightness of India's 600,000 villages as an indicator of electrification9. The project, known as India Lights, has been used extensively to assess the value of EO data for rural electrification planning. An analysis of the India Lights platform concluded that EO data are “surprisingly accurate” for assessing rural electrification, less so when the power supply is unreliable, but GIS maps and processing tools can help to improve assessments of brightness. On its own, nighttime lights may not be adequate but can be complemented with field information to identify specific locations for electricity expansion or microgrid installations (Dugoua et al., 2018).

EO data can also inform grid infrastructure siting. The Power Grid Company of Bangladesh Limited (PGCBL) used high-resolution satellite images in the development of a transmission line to expand the distribution system and increase access to electricity. The EO data were used in conjunction with maps and consultation with local stakeholders to assess geographic land features and alternative routes as options for the transmission line. EO data were crucial in identifying an optimal route that minimized impacts to existing infrastructure, settlements, and the environment. Specifically, satellite imagery was used to assess fish habitats along the proposed transmission route, urban areas, connecting roadways, river crossings, and other areas of importance (Asian Development Bank, 2017).

Microgrids, a variety of distributed generation (DG) that can operate autonomously, are widely used in developing countries to provide access to electricity in rural areas where connection to the central grid is not feasible. Powerhive East Africa Ltd., a U.S.-based microgrid solutions provider that is licensed to generate, distribute, and sell electricity in Kenya, uses a proprietary tool called SWARM for microgrid site selection10. The SWARM tool uses EO data to “identify potential customers and create preliminary microgrid designs for viable sites”11. In particular, the tool identifies the extent of the existing electric grid by incorporating nighttime lights imagery derived from NASA's Black Marble product, which is a cloud-free, higher resolution replacement for DMSP-OLS nighttime lights imagery (Román et al., 2019). As noted earlier, EO data can be complemented by ground-based data to assess population clusters and unelectrified areas.

Renewable Energy

Renewable energy is typically used in developing and emerging economies to power DG or microgrid systems in areas where connection to the centralized grid is impractical due to lack of infrastructure or other barriers. Often, these systems are part of a utility's overall solution to improving access to electricity. There are excellent renewable energy opportunities in many developing regions; however, policy, capacity, or financial barriers may prevent large-scale deployment of renewable energy technologies. Conversely, renewables-based small-scale microgrid systems have seen rapid expansion in developing nations and are a crucial component to providing electricity access to rural populations (Stiles and Murove, 2018) and making further progress toward SDG 7.1.

The primary renewable technologies used in developing regions are solar photovoltaics (PV), small wind turbines, small-scale hydroelectric power, and biomass combustion devices (Stiles and Murove, 2018). Growth and resource potential are strong, particularly for solar energy. In 2016, developing countries added about 34 GW of solar capacity (BloombergNEF, 2018). In sub-Saharan Africa, solar energy potential is tremendous, particularly for microgrid solutions. Studies suggest that there is a “theoretical annual electricity generation potential of 660,000 TWh for Solar PV in Africa” (Quansah et al., 2016). Significant solar resources are also noted in Mexico, regions of Central and South America, Southeast Asia, India, and the Middle East12.

In addition to the potential presented with solar energy, the World Energy Council estimates that global wind capacity could grow “from 435 GW in 2015 to 977 GW in 2030” (World Energy Council, 2016), with China, India, and Brazil leading installed capacity and continued sector growth among developing economies (Global Wind Energy Council, 2017). There is also substantial wind energy potential in Chile, Argentina, Kenya and other parts of sub-Saharan Africa, the Middle East, Vietnam, and the Philippines13. The greatest potential for utilization of wind energy is in remote villages where connection to a centralized grid is not feasible, and many of these countries have administrative goals for wind energy projects, such as the Philippines with a target of 2.3 GW of capacity by 2030 (International Energy Agency, 2017b) and Kenya with a goal to add 0.4 GW of capacity by 2020 (International Energy Agency, 2014).

Hydroelectric power is “the leading renewable source for electricity generation globally” (World Energy Council, 2016) with China, Brazil, and India as the fastest growing countries for this sector in 2017 (International Hydropower Association, 2018). Although, Brazil has recently removed several hydropower projects in favor of decentralized energy, other South American countries are seeing large growth in the hydroelectric power sector with plans for future plants in Peru, Columbia, and Argentina. Planned and installed hydroelectric projects also dominate the renewable energy sector in sub-Saharan Africa, where there exists significant untapped potential for hydroelectric power development (Stiles and Murove, 2018). While the potential growth of the hydroelectric power industry offers substantial opportunity for new use of EO data-derived products in this sector, so does the potential decline of water resources in certain regions due to environmental changes such as climate variability and change; therefore, electricity providers must adopt resilience planning for water shortages and manage risk accordingly if pursuing this energy source.

Geothermal energy is feasible in countries located in the “Ring of Fire,” such as Mexico, Indonesia, the Philippines, as well as other regions worldwide. Turkey and various Pacific coastal countries in Central and South America have seen strong growth in the geothermal sector largely due to supportive governmental policies (Stiles and Murove, 2018). Ethiopia and Kenya in Africa's Rift Valley also provide strong potential for geothermal power. Moreover, Costa Rica, El Salvador, and the Philippines derive more than 10 percent of their electricity from geothermal sources (Van Nguyen et al., 2015).

EO data can play an important role in assessing the feasibility of renewable energy systems and prospecting for resources. Solar energy resource assessment, management of PV installations, wind power estimation and wind farm siting, and environmental impact assessment are long established uses of EO data. Similarly, EO-derived thermal infrared data, surface wavelength measurements, and gravity anomalies have been used for more than a decade in the geothermal prospecting of large land areas. EO data are also commonly used to assess water quantity and availability for hydroelectric project planning and monitoring, determination of ideal dam locations and reservoir size, and environmental impact from rerouting or damming water.

For successful renewable energy projects, both government, and community expectations must be met. Participatory governance for consensus building among stakeholders should include participation mechanisms throughout the life of a project, from the early proposal stage to post-project. Public engagement plays a “crucial role” in the social acceptance of renewable energy technologies, and may involve collaborative decision-making, community shareholding, and public education and consultation (Langer et al., 2017). Such approaches provide the community some level of control, which facilitates trust between stakeholders, provided that the participation process is fair and just. However, research suggests that mandating engagement between developers and the public in the siting process is difficult, and without incentives, developers may not be motivated to address community concerns (Haggett, 2009b; Bell et al., 2013; Christidis et al., 2017). Furthermore, public concern over “not being heard” is a theme repeated in the literature (Walker et al., 2010; Natarajan et al., 2018). Thus, consideration must be given to all stakeholders to ensure effective collaboration and trust. The U.S. Department of Energy (DOE) maintains a toolkit for public involvement in renewable energy and infrastructure14 and among its key strategies include identifying issues of concerns and communicating clear and concise messages. Using EO data in maps or visualizations can offer the public clear, unbiased information on environmental parameters such as land use, land change, and available resources.

Trust is a critical factor in community adoption of renewable energy and associated data for energy assessment, such as EO. Level of knowledge and experience pertaining to renewable energy varies widely between policymakers, researchers, developers, and the public. Trust between stakeholders is largely contingent on accurate and timely communication, which is an “essential component of [the] public engagement process” (Pellizzone et al., 2015). Accurate information about proposed projects should be tailored to the community and disseminated using appropriate methods (e.g., use of leaflets instead of social media in regions where the internet is inaccessible; McNeish et al., 2019). Knowledge is a surmountable barrier to behavioral change provided that the public is confident in the information source and the information is relatable. For example, Liu et al. (2019) found that in many countries around the world, trust in policymakers or decision-makers has supported the successful development of renewable energy projects, including in China and the Netherlands. A similar study of renewable energy development in China found that the public was more open to project development when accurate and reliable data were presented, including maps and analyses (Guo et al., 2015). Encouraging learning through public participation is an effective tactic to changing public opposition of renewable energy (Parkins et al., 2018).

Gaps and Challenges

Challenges that have inhibited development of renewable energy-powered DG and microgrids in developing countries include difficulty accessing data, lack of tools for energy resource monitoring, and lack of accurate energy forecasts (Rinaldo et al., 2017). Lack of technical expertise can be a barrier to appropriately accessing and applying EO data products to renewable resource planning. To bridge this knowledge gap, there are a multitude of web-based viewers and mapping tools available to the public online. For example, the Global Solar Atlas provides yearly averaged solar resource and photovoltaic (PV) power potential data at a resolution of about 1 km in a user-friendly and intuitive color-coded map with optional data download15. Additionally, there remains an opportunity to provide capacity building efforts among electric utility providers or other key stakeholders to increase awareness of relevant tools and the benefits of utilizing EO data in this sector, and train technical staff in the proper access and application of EO data to meet specific needs they are facing.

Challenges such as resource monitoring and accuracy of energy forecasts may be mitigated through the application of EO data to assess renewable energy resources for siting and ongoing monitoring efforts. Although EO data have been used extensively for solar resource mapping, one pitfall is the spatial and temporal resolution for solar forecasts, which is much higher with ground-based images. Also, satellite instruments may have difficulty detecting cloud shadow, which can indicate sudden changes in solar irradiance, a possible issue for larger scale PV operations (Wan et al., 2015). EO-derived wind data are generally viewed as having good temporal and spatial coverage for wind resource planning, although care must be taken when selecting an appropriate dataset, as some wind data may be captured at a height suboptimal for comparison with wind turbines. For example, the NOAA High Density Infrared Cloud Drift Winds product16 records winds at an approximate height between 3,000 and 13,700 m above ground, whereas today's wind turbines have a hub height that rarely exceeds 125 m above ground (Lantz et al., 2017). Research supports this concern and has suggested that “wind profiles from lidar and masts” are more appropriate for estimating wind resource potential than EO data in estimating hub height winds (Hasager et al., 2010).

In general, geothermal energy has higher installation costs than solar and wind installations. As a result, geothermal energy projects in developing countries typically rely on government incentives, which can be a roadblock for many countries. Freely available EO data can address some of the outstanding financial challenges associated with geothermal exploration and plant siting by providing a more accessible data source compared with ground-based exploration.

State of Research

Like other areas of research using EO data for energy solutions, emerging research largely involves the use of machine learning models to mechanize the analysis of satellite images. For example, Duke University Energy Data Analytics Lab researchers recently developed machine learning models that automate the identification of DG solar and wind resources using open access EO and other data17. Most other research in this field is primarily focused on the automation and validation of solar nowcasting and forecasting using machine learning methods based on satellite images to accurately predict fluctuating meteorological conditions and PV output (Eissa et al., 2013; Jang et al., 2016; Catalina et al., 2019; Cornejo-Bueno et al., 2019).

Real World Use of EO Data in Developing Countries

EO data are commonly used to assess water quantity and availability for hydroelectric project planning and monitoring, determine ideal dam locations and reservoir size, and assess environmental impacts from rerouting or damming water for hydroelectric projects. Electric utilities in India and Colombia have demonstrated the practical use of EO data for hydroelectric power projects, and India's Central Electricity Authority best practices for hydroelectric project development promote the use of satellite imagery for efficient interpretation of land use and geology for environmental impact of projects (Central Electricity Authority, 2002). For the Miel I hydroelectric power plant in Norcasia, Colombia, Isagen Productive Energy monitors and tracks landscape restoration efforts as part of the post-construction process. Satellite imagery and aerial photographs are used to assess changes in vegetation cover to understand the adaptation of hydrobiological communities to the reconstructed habitat. Isagen maintains a comprehensive environmental management plan for the dam and reservoir, and EO data are part of the restoration plan to address the effects of plant construction (Isagen Productive Energy, 2015).

EO-derived thermal infrared data, surface wavelength measurements, and gravity anomalies have been used for more than a decade in the identification of likely geothermal hotspots and exploration of geothermal energy potential of large land areas. To target ideal locations for geothermal drilling and well siting, the Kenya Electricity Generating Company, also known as KenGen, uses a GIS system to map potential hotspots identified using a combination of EO data, seismic maps, surface geology maps, and other data inputs (Wekesa and Gichini, 2016). KenGen also operates hydroelectric and wind power plants as part of its electric generation portfolio. To facilitate effective management of its resources, KenGen recently proposed the development of an “Integrated Spatial Resource Management” GIS system that would incorporate EO data products and other data sources, such as aerial photography, for resource and asset management (KenGen, 2018). EO data provide a more cost-effective data source for renewable energy exploration and plant siting compared with ground-based exploration.

Grid Management

The success of grid management, i.e., grid infrastructure operation and reliability, is often dependent on environmental factors. It is estimated that about 90 percent of load forecasting errors are weather-related, and the matching of supply and demand necessitates accurate data, as inaccuracies can instigate brownouts that impact other sectors, such as manufacturing and health care (Global Science and Technology Inc, 2016). Unreliable electricity plagues many developing countries, and frequent and long outages negatively impact socio-economic growth. Freely available EO data provide an opportunity for decision makers in developing countries to improve their knowledgebase. EO-derived data on current weather conditions and historical climate trends can be used in energy forecasting models and for infrastructure planning to improve grid reliability. Outage magnitude can be assessed and monitored with nighttime lights EO data. Inadequate line maintenance is also a cause of outages. Overhead transmission lines require routine vegetation management to mitigate the potential for falling limbs. Many global EO-derived products that measure vegetation are freely accessible, such as Terra/Aqua MODIS Normalized Difference Vegetation Indices (NDVIs) that are available at variable temporal and spatial resolutions18. These and other EO data products offer electric utilities an opportunity to enhance grid operation and reliability.

Gaps and Challenges

One challenge to using EO data for grid management includes the need for technical expertise to access and use EO data products. To mitigate this challenge, NASA, NOAA, and other organizations have developed freely available land use, nighttime lights, vegetation index products, and other useful datasets that are available in simple web-based map viewers. One example is the Visible Infrared Imaging Radiometer Suite (VIIRS) Day/Night Band (DNB) Nighttime Lights interactive map, which provides global, nightly imagery at a moderate spatial resolution19. However, it has been suggested that nighttime lights may be of limited value in areas where power is intermittent, depending on the temporal resolution of the EO data product (Dugoua et al., 2018).

Another potential barrier to adoption of EO data products by utilities is unfamiliarity that could lead to uncertainty or hesitation in using the data for decision making. Most electricity providers will need some level of training in the appropriate use and interpretation of EO data, even in its most simple form as a map viewer, which could potentially be another roadblock to use. Depending on the structure of the electricity sector in any given country or region, training may need to occur across administrative jurisdictions (National Research Council, 2003).

State of Research

The most notable current trend in grid management is using artificial intelligence (AI) to manage grid operations and improve grid resilience. EO data are being integrated into AI systems along with information on the electrical distribution system and utility operations to build a body of knowledge that, with the proper algorithms, allows the grid to operate autonomously or alerts operators to vulnerabilities. Such systems could identify fluctuations in power supply and automatically reconfigure loads and resources (Kosowatz, 2018).

Many recent feasibility studies have been focused on demonstrating the effectiveness of high-resolution EO data for monitoring transmission lines for vegetation that might disrupt distribution. Satellite images can be used in transmission line management, for example, to determine whether the average height of vegetation beneath a power line exceeds a specific threshold and should be trimmed (Häme et al., 2016). EO data could potentially replace the more costly methods of using observation helicopters and unmanned aerial vehicles for visual inspection of overhead lines. Furthermore, emerging research shows the applicability of machine learning algorithms using EO-derived NDVI data to effectively identify transmission lines at highest risk of being affected by vegetation (Klein et al., 2018).

Real World Use of EO Data in Developing Countries

The Central American Electrical Interconnection System, known as SIEPAC, is an interconnection of the power grids of six Central American nations: Panama, Costa Rica, Honduras, Nicaragua, El Salvador, and Guatemala. SIEPAC regularly employs EO data for environmental impact and geotechnical studies for electric infrastructure development. For example, SIEPAC used Landsat images to understand features of geologic importance for transmission line siting in Nicaragua. The satellite images were used to identify complex volcanic features, areas of lava flow, and permanently flooded areas of flat relief. These aspects were used in part to assess the geological risk of constructing a transmission line to expand access to reliable electricity in the region (SIEPAC, 2004).

Falling trees account for most overhead transmission line failures, and downed power lines can spark fires. Energisa, a Brazilian power company, uses EO data to track vegetation conditions to identify trees that need pruning near transmission lines. Satellite imagery is coupled with an algorithm and digital photogrammetry, packaged as an “intelligent tool,” which can estimate the presence and height of trees near overhead lines, enabling effective and efficient vegetation management with minimal to no field effort required (Energisa, 2018).

Disaster Risk Reduction and Response

Extreme weather events and other natural disasters that could impact the energy sector in developing countries may include hurricanes, flooding, volcanic eruptions, earthquakes, tsunamis, and landslides. The IPCC finds that weather- and climate-related disasters have resulted in increased economic loss and inequity exists among local adaptive capacity for disaster risk management, with developed countries often better equipped for disaster response (IPCC, 2012). The Sendai Framework for Disaster Risk Reduction targets to “substantially reduce disaster damage to critical infrastructure and disruption of basic services, among them health and educational facilities, including through developing their resilience by 203020.” EO data can be integrated into tools to improve forecasting, risk modeling, and recovery related to these extreme weather and natural disaster events and assist electric utility providers with resilience planning efforts to minimize impact to critical infrastructure and societal services.

Nighttime lights imagery is commonly used in the days immediately after a natural disaster to determine the extent of an electric outage. This information is crucial to identify neighborhoods in the greatest need of assistance. Precipitation, temperature, and other freely available remotely sensed weather data can lower costs and increase the accuracy of forecasting tools for natural disasters or extreme events. Similarly, high-resolution, near-real time daytime satellite imagery can be used to identify building damage, debris, and other obstacles that may impede rescue and recovery efforts after a disaster. Other research involves measurement of vegetation loss; monitoring of landslides; the application of machine learning and big data to improve tropical cyclone/wind forecasts and assess the likelihood of flooding as well as other types of disasters (Yu et al., 2018); and the use of differential interferometry from radar satellite data to monitor surface deformation in evaluating landslide and flooding hazards to electrical transmission lines (Li et al., 2018).

Gaps and Challenges

One challenge in using EO data to assess impacts to energy infrastructure and access after a natural disaster is that disaster response occurs across a wide array of sectors, with many moving parts, each uniquely important. In many countries, responding agencies may work in silos, which could result in a lack of information sharing or inefficient data gathering. These administrative difficulties could impede effective use of EO data across a multitude of sectors, including the power sector (Anderson et al., 2017). It may also be difficult to determine the best dataset or product resource in a time of crisis. Routine disaster monitoring may be useful in that, in the event of a disaster, systems would already be in place to inform decision making, communication methods could be established, and hazard mitigation plans would be developed and ready to implement at the first warning sign.

Other challenges include the availability of tools to handle large amounts of EO data and combine them with data from other sources, such as maps or measurement studies (Van Westen, 2000). EO data can also be also limited by an absence of global coverage and by dependence on weather and daylight conditions (Washaya et al., 2018).

State of Research

Recent research is largely focused on implementing EO data for disaster warning systems. For example, the Institute of Hydrology, Meteorology and Environmental Studies of the Republic of Colombia (IDEAM) embarked on a project to strengthen disaster risk management in Colombia. The organization demonstrated the value of incorporating seasonal precipitation forecasts derived from GOES16 satellite data into a warning system for climate-related disasters and disruptions to energy generation (IDEAM, 2018). Researchers are also focused on using EO data to assess post-disaster damage. Research spans the rapid assessment of building damage to inform emergency responders of areas most severely impacted (Ramlal et al., 2018) to the evaluation of vegetation loss to inform vegetation protection strategies (Long et al., 2016; Hu and Smith, 2018).

Other similar research ties the use of EO data to flood management, tsunami monitoring and forecasting, landslide and volcanic activity monitoring, and general disaster management. Concepts covered span such aspects as applications of EO data, accuracy of EO-derived data processing, integrated management platforms, and case studies (Alfieri et al., 2018; Novellino et al., 2018; Schwarz et al., 2018; Wang and Xie, 2018; Korup et al., 2019).

Emerging research involves applying machine learning to natural disaster assessment and susceptibility. Projects include NASA's Deep Learning-based Hurricane Intensity Estimator, which uses machine learning methodology to estimate wind speeds by monitoring EO data from NASA satellites in near-real time, decreasing the time required to update the forecasting model21. Other research is largely focused on flood analysis, such as applying machine learning informed by land use maps derived from satellite images to estimate flood probability for a region of interest (Mojaddadi et al., 2017) and using a machine learning approach to analyze satellite images to classify and predict whether roads in a flooded region are passable (Said et al., 2018), among other projects.

Real World Use of EO Data in Developing Countries

Brazil's Energisa uses satellite imagery to assess weather conditions that contribute to grid interruptions and infrastructure damage after weather events have occurred. In the case of an event where strong winds overturned five distribution towers near Canarana, Energisa used images from GOES 16 to analyze the temperature and cloud conditions, along with wind intensity data from other sources, on the day of the event. Energisa is using these data to predict future events and to assess the need to reinforce certain assets to withstand extreme weather events (Energisa, 2017).

Empresa de Transmisión Eléctrica S.A. (ETESA), Panama's state transmission company, uses satellite imagery obtained from NOAA's geostationary satellite GOES-R in near-real time to “contribute to more accurate and reliable weather forecasts of severe weather perspectives.” EO-derived climatic parameters, such as air and soil temperature, relative humidity, barometric pressure, wind speed and direction, and solar radiation have expanded automation of Panama's National Hydrometeorological Network and modernized measurement and data processing systems. With the acquisition of receiving stations to obtain meteorological data from GOES-R, ETESA is better prepared for severe storms and climate-related events that may affect electrical transmission and distribution (Jimenez, 2016).

DISCUSSION

A review of recent literature and relevant websites summarized current or ongoing research areas as well as identified key opportunities for electricity providers to incorporate EO data into rural electrification planning, renewable energy assessment, grid management, and disaster risk reduction and recovery efforts. As discussed in this article, EO data have the potential to be useful in several ways for improving governance of and access to reliable, affordable, resilient, and sustainable energy. More specifically, the use of “nighttime lights” imagery for estimations of rural electrification, EO-derived NDVIs for vegetation monitoring for overhead transmission line management, solar radiance data for renewable energy project planning, and weather event nowcasting for natural disaster monitoring have all demonstrated value added for the energy sector in developing countries. Broadly, these and other applications of EO data can improve access to electricity, renewable energy management, and disaster risk management. This review paper provides an important resource in understanding the broad applications and future possibilities for improved energy access and management in the developing world.

This article intends to provide a global overview and baseline of gaps, challenges, and opportunities for using EO data in the energy sector in developing countries, as well as providing a sample of specific examples of real-world application already occurring in developing nations. However, it is important to note that such gaps, challenges, and opportunities may vary between and within regions and countries, and that our focus was specifically on developing countries, while developed countries, particularly in Europe, North America, and parts of Asia, may have additional examples of real-world application of EO data for energy access, renewable energy management, and disaster management. Due to the nature of the literature review and the keywords utilized, no particular region or country was the subject of in-depth search or analysis. Therefore, this review provides a high-level overview in developing countries only and may not include all relevant current applications in the energy sector worldwide. Further research into country specific needs in the developing world is needed to uncover additional, nuanced barriers to uptake of EO data in the energy sector given particular local context.

Nonetheless, the results of this review outline several important challenges, gaps, and opportunities for the continued and expanded utilization of EO data for the energy sector in developing countries. For example, though myriad EO information is available for free online, internet access can be unreliable or unavailable altogether, especially in remote areas. Some models require automated access to data continuously so that they can run with the most recent data outputs. Without consistent access to the internet, obtaining and/or applying EO data, models, tools, or other resources will remain difficult. To mitigate this risk, EO data could be accessed using infrastructure in urban areas where accessibility may be higher. Data could also be offered via data CDs or external hard drives where access is limited. Or, electricity providers could partner with other organizations, stakeholders, or value-added providers to access information or EO data in alternative arrangements. However, open data sharing is uncommon in several regions of the world, potentially making these types of arrangements complicated. For example, in Kenya, a qualitative study found that although study participants recognized the importance of sharing data, additional trust was needed between researchers before open data sharing policies would be followed (Jao et al., 2015). A study in Vietnam showed that while many Western countries share consensus around policy, infrastructure, and best practices in data sharing, these practices are less often found in areas where institutions or universities face funding limitations (e.g., increasing a feeling of competition between potential collaborators) or a lack of technical, governance, or practical solutions for data sharing (Merson et al., 2015). Pursuing a culture of transparency and data sharing, alongside concrete policies, best practices, and other drivers, is important within the research and applied management or decision-making communities.

Even with the ability to access EO data online, analysts or other electricity provider staff may lack general awareness of relevant EO resources, not to mention how to appropriately apply such resources to their planning and decision-making efforts. NASA, NOAA, and other organizations have developed freely available land use, “nighttime lights,” vegetation index products, and other useful datasets that are available in simple web-based map viewers or data interfaces that are meant to be easily accessible for end users. However, without capacity building efforts, through technical trainings, demonstrations or provision of case studies, understanding where and how to obtain EO resources–and how to appropriately apply them—will remain a barrier. This can lead to uncertainty or hesitation in using EO data for improved decision making and management. Understanding data or model uncertainty or other technical limitations is especially important, particularly with regard to climate information and projections, and training should accompany initial application of related datasets. Training on topics could be as preliminary as data management using statistical or geospatial software to advanced statistical or AI techniques.

If existing, such training is not always available in the language, time zone, or context needed for a developing country. Researchers and data providers should ensure that trainings or capacity building is available and adapted for audiences around the world. Trainings should take place over extended periods of time so that time-constrained staff are able to accommodate the additional workload. Focusing on several staff increases the likelihood of technical capabilities remaining despite turnover. Documentation of procedures including analyses, modeling, or other activities should be detailed and maintained over time.

Limitations in staffing is a common but serious practical human capacity challenge. Many electricity providers (as well as government ministries working in environmental planning or energy) are short-staffed and face technical expertise gaps. If management is aware of the benefit of using EO for energy management, resources could be committed over time to increase analysis and planning utilizing EO resources. In addition, collaboration between the private sector and government or research bodies, who may have resources or technical expertise, could benefit electricity providers. While consultants are often able to provide these services, relying on third party expertise is expensive and unsustainable.

Instead, further expanding knowledge of EO data applications through case studies, training, and technical assistance specific to electricity providers can facilitate access to reliable electricity in developing countries and lead to increased use of renewable energy and microgrids, and natural disaster risk reduction. There are resources available for training, such as NASA's Applied Remote Sensing Training (ARSET) program22 which provides online trainings (guided and self-instructed) on several EO applications. NOAA's Climate Resilience Toolkit (CRT)23 includes case studies and other resources on EO applications across many sectors. Other organizations such as IRENA or the International Energy Agency (IEA) similarly offer resources for EO application in the energy management sector. While several key resources for energy management using EO exist (Eckman and Stackhouse, 2012), additional work is needed to determine the use of those resources in developing countries. Further, additional attention should be paid to if applications are specifically tailored and adapted for electric utilities or electricity providers in the developing world.

There are also several opportunities for the research community to address these barriers and contribute to the uptake of EO data for utilities in the developing world. Data providers could provide or compile case studies on how their datasets have been utilized by other users. Case studies of existing applications could highlight leaders who have demonstrated EO data applications. Data providers can seek to make their datasets available in intuitive, easily accessible formats, providing ample documentation, and guidance on possible applications. User communities have noted in previous studies that datasets should be tailored to user requirements in easily accessible formats that reflect the software used for analysis (Lautenbacher, 2006).

Communities of practice or other data end user networks offer opportunities for knowledge exchange and other mechanisms for data users to share information and learn from each other. South-South information exchange, collaboration, and communication also allow for sharing of common ideas, needs, challenges, and innovative solutions within and between developing countries. The United Nations (UN) has advocated for South-South exchange in tackling issues such as climate change, inequality, and energy access24. In fact, several UN partnerships exist based on several themes relevant to sustainable development; data applications for energy access and management should be added as a key topic of interest25. The UN Framework Convention of Climate Change (UNFCCC) has similarly called for South-South cooperation and “triangular cooperation” on technologies for adaptation to climate change on topics such as technology transfer and capacity building26.

Nonetheless, through broad multi-directional dialogue exchange to understand end user needs and opportunities from the earth observation research community, refinement of existing tools and resources, or the development of new tools may be able to continue to progress efforts to improve electrification, renewable energy management and disaster management in the energy sector among developing nations. There may be the opportunity to leverage existing venues and networks that bring the EO research community together, such as the Group on Earth Observations (GEO) or internationally attended scientific meetings such as the American Geophysical Union (AGU) or American Meteorological Society (AMS). Participation in these organizations can allow for the development of innovative solutions and set new research strategies for future efforts. Government science agencies as well as other private data providers could have a role in facilitating those linkages. For example, the SERVIR program27, jointly funded by NASA and the US Agency for International Development (USAID), offers a unique opportunity for funded research teams to work together with data users to apply EO datasets to development-related questions including governance of resources and communities. Similar efforts could encourage a focus on energy management, providing scientific expertise to practical applications brought forward by practitioners, decision-makers, or other stakeholders in developing countries. Increased attention, in the form of funding, research, technology transfer, and dialogue, should be paid to energy applications given the central role that energy access plays in so many SDGs as an enabler of sustainable development28.

AUTHOR CONTRIBUTIONS

AL conducted the literature review and was the primary author of the manuscript. AT, NS, and TM assisted in writing. AT submitted the manuscript. All provided review and revision.

FUNDING

This work was funded through NASA Grant No. 80NSSC18K0325.

ACKNOWLEDGMENTS

The authors acknowledge the support of funding from NASA in making this research possible, as well as the contributions of Dr. Richard Eckman and Dr. Paul Stackhouse. The authors also acknowledge the support of Dr. Craig Zamuda of the US Department of Energy.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fenvs.2019.00123/full#supplementary-material

FOOTNOTES

1https://sustainabledevelopment.un.org/sdg7

2https://sustainabledevelopment.un.org/?page=view&nr=2749&type=13&menu=1634

3The complete list of references deemed relevant are included in Supplementary Material.

4https://data.worldbank.org/indicator/EG.ELC.ACCS.ZS

5http://www.worldbank.org/en/news/feature/2014/06/24/switching-on-power-sector-reform-in-india

6https://twitter.com/narendramodi/status/990455176581517312
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27https://www.nasa.gov/mission_pages/servir/index.html
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