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A B S T R A C T   

Global changes in climate and land use are threatening natural ecosystems, biodiversity, and the ecosystem 
services people rely on. This is why it is necessary to track and monitor spatiotemporal change at a level of detail 
that can inform science, management, and policy development. The current constellation of multiple Landsat and 
Sentinel-2 satellites collecting imagery at predominantly ≤30-m spatial resolution affords an opportunity for the 
generation of global medium- resolution products every few days. Our goal is to both identify the information 
needs and provide direction towards the generation of a suite of global, high-level, systematically-generated, 
medium-resolution products designed for both management and science. Our vision builds on the success of the 
NASA MODIS/VIIRS product suite, while recognizing the unique strengths of medium-resolution satellite data 
given their higher spatial resolution and longer time series. We propose a suite of 13 essential products that 
enable the characterization of the current state and changes in the biosphere, cryosphere, and hydrosphere, and 
would fill information needs identified by the Committee on Earth Observation Satellites for the Global Climate 
Observing System and the Global Terrestrial Observing System, by the National Research Council of the US 
National Academies in the decadal survey, and by others. These products are: land cover, land cover change, 
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burned area, forest loss, vegetation indices, phenology, dynamic habitat indices, albedo, land surface tempera
ture, snow cover, ice extent, surface water extent, and evapotranspiration. Furthermore, we provide a list of 
desirable products poised for addition to the essential products (e.g., crop type, emissivity, and ice sheet ve
locity). Lastly, we suggest aspirational products requiring further algorithm development (e.g., forest structure 
and crop yield). For the identified essential products, algorithms are in place, making it feasible to begin 
generating products systematically. These products should be accompanied by quality and accuracy assessments 
undertaken following consensus protocols. Five decades after the first Landsat satellite, and two decades after the 
MODIS products were first produced, it is time now for readily available, standardized, and consistent high-level 
products built upon medium-resolution imagery, thereby fulfilling the promise and the vision that inspired the 
Landsat program since its inception.   

1. Introduction 

Humans rely on the benefits of natural ecosystems, but climate and 
land-use change threaten many of these benefits (IPCC, 2021; MA, 
2005). Human population increase and activity since the agrarian and 
industrial revolutions have caused global changes beyond natural vari
ability (Foley et al., 2005; Steffen et al., 2015). Scientific understanding, 
monitoring, modeling, and management of the Earth system and of 
global change processes requires free and nondiscriminatory distribu
tion of accurate, consistent and unbiased monitoring data, for which 
satellite observations are fundamentally important. There has long been 
recognition of the need and utility of satellite data for studying global 
change (Justice et al., 1985; Kaufman et al., 1998; NASA et al., 1986; 
NRC, 1990; Sellers et al., 1995). To date, high-level global products 
derived consistently and systematically from satellite data have been 
generated at coarse (100-1,000 m) spatial resolution. However, coarse 
spatial resolution data may not resolve many global change processes 
and terrestrial phenomena apparent at medium (10 m to 100 m) and 
high (<10 m) spatial resolution. High spatial and temporal resolution 
data with global coverage are becoming available from commercial 
satellite constellations, but currently these data are collected with a 
smaller number of multi-spectral bands that are not rigorously cali
brated and corrected for atmospheric effects and sun-sensor geometry 
without cross-calibration with other satellites (Roy et al., 2021). Grid
ded, medium-resolution ‘higher-level’ global products that have been 
subject to geophysical transformations and processed to derive envi
ronmental variables over different time periods (weekly, monthly, sea
sonal, annual) are needed by the user community, as has been suggested 
by the Landsat Science Team (Roy et al., 2014b). The products should be 
generated on a systematic basis and subject to routine quality assess
ment and validation, with reprocessing as needed. The continued 
availability of Landsat observations, initiated in 1972 with Landsat-1 
through the 2021 Landsat-9 mission (Masek et al., 2020), combined 
with the Landsat-like Sentinel-2A, -2B and planned Sentinel-2C and -2D 
missions (Drusch et al., 2012), provide a unique opportunity to generate 
such products. 

The widespread use of existing coarse-resolution data products 
demonstrates the strong demand for systematically derived, high-level 
products. The Advanced Very High Resolution Radiometer (AVHRR) 
sensor series have been in operation since 1978 and provide global daily 
coverage at coarse to very-coarse spatial resolution (1 - 15 km, (Crack
nell, 1997)). The AVHRR data, particularly in the first several decades, 
were suboptimal for terrestrial monitoring due to a number of factors, 
including lack of visible wavelength calibration and substantial orbit 
drift (Giglio and Roy, 2020). Despite this, AVHRR data were used with 
substantial investment to generate the first global coverage land prod
ucts (Townshend, 1994). The NASA Moderate Resolution Imaging 
Spectroradiometer (MODIS) program built on this heritage to system
atically generate a suite of high-level, global land, ocean, and atmo
spheric data products that have revolutionized global change research 
and applications (Justice et al., 1998), with instrumentation evolution 
and continuity provided by the Visible Infrared Imaging Radiometer 
Suite (VIIRS). However, the MODIS record started in 2000 whereas the 
Landsat record began in 1972, and full global repeat Landsat 30-m 

coverage has been available since the 1990s (Wulder et al., 2016), 
which means that longer-term trends can be captured. The Sentinel-2 
systems, launched in 2015 and 2017, provide 10-, 20- and 60-m multi
spectral reflective wavelength observations that complement Landsat 
capabilities, and together provide high temporal global coverage for 
common visible to short wavelength infrared (VSWIR) bands until at 
least the early 2030s. 

While there are only a few large-area data products derived sys
tematically from medium-resolution satellite imagery, those that are 
available support key applications and scientific advances. At national 
scale, examples include the United States Geological Survey’s (USGS) 
National Land Cover Data (NLCD) (Homer et al., 2020) and the United 
States Department of Agriculture’s (USDA) Crop Data Layer (CDL) 
(Boryan et al., 2011), which are both generated on a systematic basis. At 
global scale, several medium-resolution products have been developed 
such as global land cover (Chen et al., 2015), forest dynamics (Hansen 
et al., 2013), and surface water dynamics (Pekel et al., 2016). The up
take of these existing medium-resolution data products attests to their 
relevance, but also highlights the lack of a full suite of other products 
needed to inform global change and terrestrial, cryosphere, and aquatic 
applications. 

Substantial advances in computing provide new and timely oppor
tunities to produce global, medium-resolution products. These include 
increasing storage capabilities, multi-core processing, graphical pro
cessing units, cloud computing, and high bandwidth internet. Landsat 
data distribution via the internet, which once was a limitation for many 
users (Roy et al., 2010), has now become the norm (Zhu et al., 2019b). 
Analysis Ready Data (ARD) have been developed to reduce the pre- 
processing burden on users and provide direct access to user-friendly 
products. For example, the USGS provides Landsat tiled, top-of- 
atmosphere and atmospherically corrected ARD defined in a common 
equal area projection, accompanied by spatially explicit quality assess
ment and cloud mask information over the conterminous United States 
(CONUS), Alaska, and Hawaii for the Landsat-4/5/7/8/9 30-m archive 
(Dwyer et al., 2018). Methods to improve the harmonization among 
Landsat sensors, for example, to account for differences in the spectral 
response functions of similar bands on different Landsat sensors (Berner 
et al., 2020; Roy et al., 2016a), and between Landsat and Sentinel-2 
sensors (Chastain et al., 2019; Wulder et al., 2021) have been devel
oped. Furthermore, planning is underway to extend the ARD products to 
include Landsat-1 to Landsat-5 Multispectral Scanner System (MSS) data 
(Crawford et al., 2023), and the generation of global coverage Landsat 
ARD products is being considered (Wulder et al., 2022). For example, 
multi-sensor ARD are being developed by the NASA Harmonized 
Landsat Sentinel-2 (HLS) project, which generates products similar to 
the Landsat ARD but harmonizes Landsat-8 (and since May 2022, 
Landsat-9), Sentinel-2A and -2B data to a common 30-m product from 
2015 onwards in the Sentinel-2 tile grid (Claverie et al., 2018), and the 
European Space Agency’s (ESA) Sen2Like algorithms is designed for a 
common 10-m product (Saunier et al., 2022). In addition, the two sen
sors complement each other well in that Landsat provides thermal 
measurements, whereas Sentinel-2 has additional reflective wavelength 
bands, for example red edge bands, which allow plant functional traits 
such as leaf chlorophyll content to be estimated. 
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Our goal in this paper is to both synthesize the information needs and 
articulate a vision for a suite of medium-resolution, high-level, global, 
systematically generated products derived from Landsat and Sentinel-2 
data. First, we highlight the information needs for global change science 
and management that require medium-resolution products. Second, we 
provide a vision for a suite of high-level products, which we categorize as 
either (a) essential, of highest importance, and for which algorithms are 
mature (land cover, land cover change, burned area, forest loss, vege
tation indices, phenology, dynamic habitat indices, albedo, land surface 
temperature, snow cover, ice extent, surface water extent, and evapo
transpiration), (b) desirable, also technically feasible now, but for which 
demand is not quite as pressing and user communities are smaller, or (c) 
aspirational, that are in need of further research and algorithm 
development. 

2. Information needs for sustainable management, societal 
benefit, and global change challenges 

Mitigating and adapting to global change requires consistent, long- 
term monitoring and modelling of the Earth System (land, cryosphere, 
ocean, and atmosphere). Globally, the need for such monitoring has 
been identified by the Millennium Ecosystem Assessment (MA, 2005), 
the Rio+20 United Nations Conference on Sustainable Development 
(UN, 2012), and the assessment of planetary boundaries by the Stock
holm Resilience Center (Steffen et al., 2015). The United Nations 
Framework Convention on Climate developed the requirements and 
recommendations for a Global Climate Observing System (GCOS, 2016, 
2021). In its latest implementation plan, GCOS highlighted the need for 
systematic and consistent observation as the basis for long time series, 
but also urgency to provide near-real time information (GCOS, 2022). In 
support of GCOS, the Global Terrestrial Observing System (GTOS) was 
set up to facilitate the observation, modeling, and analysis of terrestrial 
ecosystems. Similarly, the Committee on Earth Observation Satellites 
(CEOS), and especially its virtual constellation on Land Surface Imaging 
(LSI-VC) with its thematic subgroups on Forests & Biomass, and on 
Global Agricultural Monitoring (GEOGLAM), have defined information 
needs for terrestrial land monitoring. Within the US, the latest Decadal 
Survey of the National Research Council (NRC, 2018) identified 35 key 
science and applications priorities including key geophysical observ
ables and measurement parameters. 

Prior conventions and committees have established general infor
mation needs for management and global change science, but often 
without explicit consideration of the necessary data characteristics to 
meet those needs. Our contribution here is to highlight the extent to 
which those established information needs can and should be met via 
systematic satellite data products derived from medium-resolution 
Landsat and Sentinel-2 imagery (Table 1). We group these information 
needs into five thematic areas: climate change, biodiversity conserva
tion, sustainable management and ecosystem services, food security, 

and natural hazards. 
Information needs related to climate change fall broadly into two 

main categories. First, there is information needed to better understand 
the drivers of climate change, especially the global carbon cycle, 
including sources of carbon emissions and sequestration stores. For 
example, carbon loss due to deforestation and emissions from biomass 
burning are important information needs, which motivate the GOFC- 
GOLD program (https://gofcgold.umd.edu/). Accordingly, the Paris 
Agreement of the United National Framework Convention on Climate 
Change mandates an assessment of progress towards its goals called the 
global stocktake for which satellite observations are essential (Hegglin 
et al., 2022; Ochiai et al., 2023). Second, there is a need to monitor the 
effects of climate change. For example, the United Nations Framework 
Convention on Climate Change highlights information needs for the 
cryosphere, including snow cover, the speed at which glaciers and ice 
sheets flow, and the distribution of sea ice (GCOS, 2016). The critical 
information needs related to climate change have led to the develop
ment of the Essential Climate Variables (ECVs), many of which require 
satellite data to monitor, but are currently only starting to become 
available at medium resolution. 

Global biodiversity declines were the impetus for the UN Convention 
on Biological Diversity, which was passed at the UN Conference on 
Environment and Development in Rio de Janeiro in 1992. Since then, 15 
meetings of the Conference of Parties have taken place, including the 
15th meeting in Kunming-Montreal where the Global Biodiversity 
Framework was passed (UNCBD, 2022) that include a target to effec
tively conserve at least 30% of terrestrial, inland water, and coastal and 
marine areas (Target 3). The strategic plan of the framework stated the 
need for global biodiversity monitoring (Target 20) with the Global 
Biodiversity Information Facility (GBIF, 2022) focused on in situ obser
vations, and the GEO-Biodiversity Observation Network (GEO-BON, 
2022) emphasizing satellite-derived indicators and the Essential Biodi
versity Variables (EBVs) (Pereira et al., 2013; Pettorelli et al., 2016) to 
quantify change in the state of biodiversity (Scholes et al., 2012; Turner 
et al., 2003). 

To address food security, the Group of Twenty (G20) countries met 
in 2011 in France and ratified a declaration regarding food security 
called Actional Plan on Food Price Volatility and Agriculture (G20, 
2011) in response to agricultural commodity price fluctuations that 
began during the 2007-2008 global financial crisis. Out of this came a 
major initiative called the Global Agricultural Geo-Monitoring (GLAM) 
with the goal of “strengthening global agricultural monitoring by 
improving the use of remote sensing tools for crop production pro
jections and weather forecasting.” Ultimately, this became organized 
within the United Nations (UN) Group on Earth Observations (GEO) and 
is known fully as GEOGLAM. Over the past decade GEOGLAM has 
evolved from establishing best practices and satellite needs for crop 
production monitoring, particularly in terms of spatial resolution and 
revisit rate, to understanding how this imagery can help in meeting UN 

Table 1 
Information needs for the five major thematic areas related to sustainable management, societal benefits, and global change challenges. ‘High’ means that there is a 
strong information need for a given societal benefit of global change challenge.  

Societal benefit or global change challenge Climate 
change 

Biodiversity 
conservation 

Food 
security 

Sustainable management and ecosystem 
services 

Natural 
hazards 

Information needs 

Biosphere Land cover and land use High High High High Medium 
Vegetation condition and 
phenology 

High High High High High 

Biodiversity and faunal habitat Low High Low High Low 
Disturbances High High High High High 
Surface energy balance High Medium High Low Medium 

Cryosphere Snow cover High Medium Medium Medium Medium 
Ice sheets and glaciers High Low Medium Low Low 

Hydrosphere Freshwater and marine 
ecosystems 

High High High High High 

Evapotranspiration High Low High High Medium  

V.C. Radeloff et al.                                                                                                                                                                                                                             

https://gofcgold.umd.edu/


Remote Sensing of Environment 300 (2024) 113918

4

Sustainable Development Goals (Whitcraft et al., 2022). A number of 
regional- to continental-scale crop monitoring programs exist (Fritz 
et al., 2019), which typically have supranational or governmental sup
port, for example from the European Commission, or from U.S. and 
Chinese agencies. Crop monitoring data have proven invaluable for 
rapid, synoptic assessment of regional areas. However, the majority of 
these crop monitoring programs are based on satellite data with coarse 
spatial resolution, limiting their value for more localized food security 
initiatives. This is particularly true in those parts of the world where 
food security is lower, and where fields are typically small, intercropped, 
and surrounded by complex landscapes. Medium-resolution crop 
monitoring data are essential to ensure food security in these 
environments. 

Regarding sustainable management and ecosystem services, the 
UN’s Sustainable Development Goals (SDG) (UN, 2017) highlight 
manifold and urgent information needs for management and continued 
provisioning of ecosystem services. For example, land cover maps are 
essential for SDG 6, the protection and restoration of water-related 
ecosystems including mountains, forests, and wetlands, and the moni
toring of aquatic ecosystems, and for SDG 15.1, the conservation, 
restoration and sustainable use of ecosystems and their services. Closely 
related are maps of forest area, and ideally maps of forest structure that 
are necessary for SDG 15.2., the sustainable management for forests. 
Similarly, maps of urban land cover and form are required for SDG 11.3, 
inclusive and sustainable urbanization. Evapotranspiration (ET), as a 
metric of consumptive water use and ecosystem health, is a information 
need for many SDGs. Both monitoring of management and decision 
support aimed at ensuring the continued provisioning of ecosystem 
services would greatly benefit from medium-resolution data products 
because medium-resolution satellite data match the scale of land man
agement units such as crop fields, forest stands, or urban subdivisions in 
many parts of the world, while coarse-resolution imagery does not. 

Several natural hazards have important information needs that can 
be met with moderate-resolution data. For example, desertification is a 
natural hazard with clearly established information needs (UNCCD, 
2013) that is best monitored with medium-resolution satellite data. 
Wildfires are another important natural hazard, both because of the risk 
they pose to human lives, homes, and livelihoods (Schug et al., 2023), 
and the impacts they have on ecosystems and climate (GCOS, 2016). 
Medium-resolution satellite data do not currently have the temporal 
frequency to adequately capture active fires (Wooster et al., 2021), but 
can map burned areas more accurately than coarse resolution satellite 
data (Chuvieco et al., 2019). Frequent medium-resolution satellite im
agery is required to capture the spatial extents of flooding events 
(Heimhuber et al., 2018), as well as damage from hurricanes, tornadoes, 

and hailstorms. Anomalies in evapotranspiration derived from thermal 
infrared imagery have proven to be an effective early signal of devel
oping flash drought (Otkin et al., 2013), with medium-resolution im
agery revealing drought impacts of fields (Yang et al., 2021a) or forest 
stands (Yang et al., 2021b). Understanding the extent and impacts of 
natural hazards is especially important given that more frequent 
extreme weather fluctuations are expected due to climate change. 

3. The proposed suite of high-level, medium-resolution products 

Based on the above articulated information needs for the five major 
thematic areas related to sustainable management, societal benefits, and 
global change challenges, we identified a suite of products that can be 
derived from medium-resolution satellite imagery (Table 2). In many 
cases, a given product meets the information needs for more than one of 
the five thematic areas. For example, land cover data are essential for 
food security, land management, climate change, and biodiversity as
sessments. Among all products, we separated those that are essential, 
and required by large user communities, from others that are desirable, 
but have smaller user communities. High-level derived products should 
preferably be generated using community-endorsed algorithms, i.e., 
ones that have been selected competitively by scientific peer review 
and/or that are published in the literature. We do not advocate specific 
algorithms but rather outline the required characteristics of the resulting 
products. Similarly, it is beyond the scope and intent of this paper to 
prescribe computational solutions and procedures for higher level 
product generation. We assume that some form of global ARD similar to 
the USGS Landsat ARD or the NASA global HLS are available, because 
systematic product generation requires radiometrically and geometri
cally calibrated satellite data including cloud masking, atmospheric 
correction, and addressing bi-directional reflectance effects as detailed 
in Claverie et al. (2018), Roy et al. (2019) and Saunier et al. (2022). As 
new satellite data are acquired, they should be subject to the same ARD 
processing and characterization to ensure that they are temporally 
consistent. We also assume that, following standard practice, per-pixel 
quality assessment information is part of all products to help ensure 
correct product utility. 

As products are generated, routine quality assessment should be 
undertaken, typically by product examination at different temporal and 
spatial scales, which is necessary given the large number of factors that 
can adversely affect product quality (for a detailed discussion see Roy 
et al., 2002). In addition, each product’s accuracy needs to be validated 
periodically to ensure appropriate scientific use. Validation should 
follow community-endorsed procedures that are necessarily 
product-specific but are typically undertaken by comparison with a 

Table 2 
Medium-resolution satellite image-based products that meet the identified information needs for sustainable management, societal benefits, and global change 
challenges.  

Product categories Essential products Desirable products Aspirational products 

Information need 

Biosphere Land cover  - Land cover  
- Land cover change  

- Crop types  
- Irrigated fields  
- Abandonment  

- Forest types, and tree species  
- Urban structure 

Disturbances  - Burned area  
- Forest loss  

- Forest loss agent  - Forest recovery 

Vegetation condition and phenology  - Vegetation indices  
- Phenology  

- LAI/FAPAR  
- Green vegetation cover fraction  

- Crop yield  
- Forest Biomass 

Biodiversity  - Dynamic habitat indices   - Habitat heterogeneity  
- Winter habitat indices 

Surface energy balance  - Albedo  
- Land surface temperature  

- Emissivity  - Net radiation 

Cryosphere Snow, glaciers, and ice sheets  - Snow cover  
- Ice extent  

- Ice sheet velocity  - Snow and ice sheet surface melt  
- Ice sheet and glacier melt ponds  
- Sea ice motion 

Hydrosphere Lakes and river conditions  - Surface water extent  - Surface water quality  
Evapotranspiration  - Evapotranspiration  - Evaporative stress  - Evaporation and transpiration  
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representative sample of independent reference data collected at finer 
spatial resolution and with minimal error (Baret et al., 2006; Morisette 
et al., 2002). The results of the quality assessment, and sometimes the 
validation, may result in the need for product reprocessing. 

3.1. Land cover, land use, and land cover change 

Mapping and monitoring of land cover and land use was a key 
motivation for the launch of the first Landsat in 1972 (Goward et al., 
2017). While often grouped together, land cover, land use, and changes 
in these properties are distinct quantities. Land cover defines the phys
ical properties at the surface of the Earth, while land use describes the 
social, economic, and cultural utility of the land (Loveland et al., 2000). 
For example, a land cover class could be grassland and the land uses 
could include pastureland or parkland, but satellite data do not always 
suffice to distinguish land uses. Land cover, land use, and land cover 
change maps that capture human activity and many ecological processes 
are more appropriately resolved at medium than coarse spatial resolu
tion (Gutman et al., 2008; Townshend and Justice, 1988). For example, 
processes, such as fire spread, forest edge effects, or habitat selection, 
operate at scales that require medium-resolution land cover maps. 
Similarly, impact evaluation of land management actions and policies 
requires monitoring of changes at sub-watershed scale and with respect 
to parcels, stands of trees or agricultural fields. Coarse-resolution sat
ellite imagery are not able to monitor parcel-scale processes, and so miss 
important human-environment interactions that provide insights 
needed to improve management and foster improved environmental 
stewardship. 

Land cover is an essential climate variable in the global climate 
observation system (GCOS) (Bojinski et al., 2014). Land cover products 
are important for characterizing anthropogenic activity and biogeo
graphical and eco-climatic diversity (Cihlar, 2000; Townshend et al., 
1992; Wulder et al., 2018). Detailed, accurate, and up-to-date land cover 
products are required by resource managers and decision-makers to 
develop and monitor land management policies, and to satisfy reporting 
requirements from local to global scales (Erb et al., 2017; Foley et al., 
2005; Roe et al., 2019). 

Global land cover maps were initially derived from coarse-resolution 
AVHRR data (DeFries and Townshend, 1994; Hansen et al., 2000; 
Loveland et al., 2000). With the availability of improved data provided 
by MODIS, land cover has been mapped globally at 500-m resolution on 
a systematic annual basis, initially based on the International Geosphere 
Biosphere Program (IGBP) and University of Maryland land cover clas
sification legends (Friedl et al., 2002; Hansen and Reed, 2000). The most 
recent Collection 6 MODIS land cover product includes six distinct 
classification legends (Sulla-Menashe et al., 2019) including a hierar
chical scheme based on the FAO’s Land Cover Classification System 
(LCCS; (Di Gregorio, 2016)). Rather than define discrete land cover 
classes, continuous estimates of physiognomic or structural attributes 
(DeFries et al., 1999), such as percent vegetative cover, have also been 
derived, which, if needed, can sometimes be transformed into land cover 
classes (Hansen et al., 2011). 

There is a long recognized need for medium-resolution land cover 
products generated over large areas (e.g., Cihlar, 2000; Townshend 
et al., 1992). The availability of free and open Landsat data has enabled 
systematic land cover mapping at medium-resolution with national 
products generated at regular frequency and with relatively low latency. 
For example, the USGS National Land Cover Database (NLCD) has pro
duced 30-m CONUS land cover maps with 8 and 20 classes every 2-3 
years since 2001, with a 3-5 year latency (Homer et al., 2020). The 
USGS Land Change Monitoring, Assessment, and Projection (LCMAP) 
project generates annual 30-m land cover maps for CONUS with 8 
classes since 1985 with 2 year latency (Brown et al., 2020a). European 
medium-resolution land cover products include the 5 and 15 class 100-m 
CORINE Land Cover product (Büttner et al., 2004) with a 3-year latency 
(Inglada et al., 2017). 

Recently, global land cover maps have been generated using Landsat, 
often supplemented with MODIS and AVHRR data to compensate for 
limited cloud free Landsat availability prevalent in many regions of the 
world (Kovalskyy and Roy, 2013). Global Landsat 30-m land cover 
products include the Finer Resolution Observation and Monitoring of 
Global Land Cover (FROM-GLC) product generated for 2010, 2015 and 
2017 (Gong et al., 2013), the Globeland30 product generated for 2000, 
2010 and 2020 (Chen et al., 2015), the iMap World 1.0 product gener
ated annually from 1985 to 2020 (Liu et al., 2021), and the Global Land 
Cover Estimation (GLanCE) products generated annually from 2001 to 
2020 (Friedl et al., 2022). Global land cover products derived from 10-m 
Sentinel-2 data include ESA WorldCover 2020 (Zanaga et al., 2021), the 
Environmental Systems Research Institute (ESRI) Land Cover (Karra 
et al., 2021), and the Google Dynamic World (Brown et al., 2022) 
products. 

Land use products are needed, particularly as the area of land 
dominated by humans expands and land resource competition has 
increased (Goldewijk, 2001; Ramankutty and Foley, 1999). Certain land 
uses can have profoundly negative impacts on ecosystem services 
including water supply (Li et al., 2007; Spera et al., 2016), carbon 
sequestration (Erb et al., 2018), and biodiversity (Felipe-Lucia et al., 
2020; Haines-Young, 2009; Powers and Jetz, 2019). Global land use 
classification schemes have been developed but typically include a 
mixture of both land cover (e.g., Forest land, Grassland, Wetlands) and 
land use (e.g., Cropland, Settlements) classes (Milne et al., 2003). As 
noted above, medium-resolution data have sufficient spatial resolution 
to map land cover, but finer spatial resolution (<10 m) data are typically 
required to accurately discriminate spatially fragmented land use clas
ses. For example, infrastructure (e.g., buildings, roads) and agricultural 
fields in many regions are not resolved at medium resolution (White and 
Roy, 2015). 

Large-area agricultural land use mapping has received significant 
attention reflecting the critical role of agriculture. Notably, the USDA on 
an annual basis systematically generates the 30-m US Crop Data Layer 
(CDL) for the conterminous United States using Landsat and other sensor 
data, and benefits from extensive training data collected as part of the 
US agricultural census to provide approximately 110 classes (Boryan 
et al., 2011). Global agricultural cropland maps have been produced 
(Fritz et al., 2015; Thenkabail et al., 2009; Yu et al., 2013), but are not 
generated systematically. In addition, there is a growing body of 
research on mapping agricultural practices, for example, irrigated versus 
rainfed (Deines et al., 2017; Xie and Lark, 2021), tilled versus no-till 
agriculture (Azzari et al., 2019; Zheng et al., 2014), and mapping of 
crop rotation and fallow periods (Dara et al., 2018; Sahajpal et al., 2014; 
Yin et al., 2020). Lastly, maps of built-up land reflecting the distribution 
of human settlements and associated infrastructure have been developed 
from MODIS (Schneider et al., 2009) and Landsat data (Esch et al., 
2017). Because built-up land is a land use defined by spatial context, 
newer deep learning classification methods are promising for mapping 
and monitoring urban land use (Chen et al., 2020). 

Land cover change is an essential information need. Land cover 
change mapping in the last decade has evolved to using Landsat time 
series instead of single-date images, to better characterize the type and 
timing of change, and to gain insights on the directionality and persis
tence of change trends (Hansen and Loveland, 2012; Woodcock et al., 
2020; Zhu, 2017). The analysis of temporal metrics, combined with 
ancillary data, allows different types of land cover and land cover 
change products to be generated (Wulder et al., 2018). However, 
changes may not manifest themselves in the data for some time after the 
event that caused the change, and changes in surface condition can 
occur without a change in land cover. For example, trees can persist yet 
appear spectrally different over time due to insect activity or drought 
stress, causing a change in vegetation condition without a change in land 
cover (Coops et al., 2020). Mapping change in a binary change/no- 
change manner for some phenomena may thus be restrictive. For 
example, forests are defined by physiognomic or structural attributes 
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including potential mature tree height and canopy cover. Therefore, 
change mapping based on sub-pixel fractional cover can be advanta
geous (Ye et al., 2021b). 

Land cover and land cover change mapping algorithms are mature, 
and a wide range of methodological options are available. We suggest to 
adopt a land cover class catalog that is hierarchical and supports 
different levels of detail (e.g., UN LCCS; (Di Gregorio, 2016)). A global 
land cover map will necessarily require some level of simplicity and 
generalization (Milne et al., 2003), but should allow for additional detail 
on a local to regional basis (Tulbure et al., 2021). Integrating new ca
pabilities in a research-to-operations mode while maintaining a core 
record consistent with historical data is desirable. The current state-of- 
the-practice approach for large area land cover classification is based 
on the application of ensemble tree-based classifiers, such as random 
forests (Breiman, 2001), to satellite time series to take advantage of 
spectral differences among classes over time (Brown et al., 2020b; Sulla- 
Menashe et al., 2019; Wulder et al., 2018). Deep learning-based algo
rithms have advantages for land cover classifications (Kussul et al., 
2017; Zhang et al., 2020). Deep learning models can exploit spatial re
lationships among pixels in contrast to conventional classification ap
proaches that are applied independently to individual pixel locations, 
and that is beneficial, for example, when classifying urban areas. While 
deep learning requires large training data sets and considerable com
puter resources for the derivation of the classification model, once 
generated, the model can be applied quite efficiently, allowing for rapid 
classification updates. Land cover and land cover change mapping 
should ideally be based on a single integrated mapping process. Gen
eration of change features (where, when), and metrics describing the 
nature of changes detected (e.g., change magnitude and persistence), is 
recommended, and can support the generation of land use maps (Wulder 
et al., 2018). 

With the advent of free and easily obtainable ARD, sharing classifi
cation models for on-demand classification applications has consider
able potential. The development of interoperable machine learning 
models and training data standards would be helpful in this respect. At 
present, reliable global land cover product generation requires sub
stantial human interaction and is not purely a data science issue. This is 
due to the aforementioned need for training data and because of irreg
ular temporal cadence of satellite time series and factors that reduce 
input product quality. Training data collection is a bottleneck but there 
are a number of methodologies to reduce this (Wulder et al., 2018). 
Training data collection is particularly challenging for change product 
generation because high spatial resolution imagery in archives such as 
Google Earth are often spatially and temporally sparse (Lesiv et al., 
2018). Recent constellation satellite imagery, such as the PlanetScope 
constellation, which provides 3-4 m imagery with a global median 
average revisit interval of only 30 hours (Roy et al., 2021), may be useful 
for training data collection. Human inspection will almost certainly 
continue to be necessary for the foreseeable future, with classification 
iteration as appropriate. In particular, classes consisting of mixed life 
forms (shrubs versus trees), or sparse cover (semi-arid grasslands), can 
be challenging to consistently discriminate and characterize, particu
larly with temporally sparse satellite data. Rigorous accuracy assess
ments are a key element of any land cover and land cover change 
product, including independent assessments and reporting on the ac
curacy of both maps and changes (Tsutsumida and Comber, 2015; Zhang 
and Roy, 2017). Validation data (i.e., independently collected land 
cover and change samples) are as challenging to collect as training data. 
Obtaining globally representative independent land cover reference 
data is essential, which is particularly complex for change classes 
because both the spatial and temporal distribution of change should be 
sampled (Boschetti et al., 2015) and accuracy assessments need to follow 
best statistical practices (Olofsson et al., 2014; Olofsson et al., 2012). 

3.2. Disturbance 

Disturbance refers to events that disrupt ecosystem, community, or 
population structure but typically do not result in a land cover change 
(Zhu et al., 2022). Change in disturbance regimes, for example, changes 
in the spatial and temporal dynamics of disturbance, or in disturbance 
severity, may have profound effects on ecosystems (Senf and Seidl, 
2021; Turner, 2010). 

We propose two essential disturbance products, burned area and 
forest loss, because algorithms for both are mature and have established 
requirements, and given their importance for the global carbon cycle, 
ecosystems, and biodiversity. Accurate disturbance mapping is highly 
dependent on the temporal resolution of the available satellite data. 
However, the temporal cadence of satellite observations is often irreg
ular in space and time due to cloud and shadow contamination and 
different overlapping swath geometries (Egorov et al., 2019), which 
present substantial detection challenges (Brown et al., 2020b; Roy et al., 
2019). The free and open policy of Landsat has made the use of dense 
Landsat time series possible, allowing disturbance mapping intervals to 
shrink from a decade (Masek et al., 2008) to every 2-3 years (Jin et al., 
2017), annual (Hansen et al., 2013; Hermosilla et al., 2015; Vancutsem 
et al., 2021), sub-annual (Zhu et al., 2012), 8-16 day (Pasquarella et al., 
2017; Ye et al., 2021a), and owing to the launch of Sentinel-2 and the 
creation of harmonized Landsat Sentinel-2 data ca. 3 days (Claverie 
et al., 2018; Li and Roy, 2017). 

3.2.1. Burned area 
Fire is a widespread disturbance occurring on all continents except 

Antarctica (Giglio et al., 2018). In addition to loss of life and property 
(Radeloff et al., 2023) and the deleterious impacts of frequent and 
intense fires on ecosystems, fire is a major source of greenhouse gases 
(equivalent to ~25% of fossil fuel emissions) (van der Werf et al., 2017). 
Active fire detection algorithms require middle-infrared (~4 μm) 
wavelengths to reliably detect the location of small and cool fires 
(Wooster et al., 2021). Landsat sensors have no middle-infrared bands 
and only a 16-day repeat, and so Landsat data are of limited use for 
systematic active fire detection, despite algorithms developed for this 
purpose using the near-infrared (NIR) and short-wave infrared (SWIR) 
bands (Kumar and Roy, 2018; Schroeder et al., 2016). In contrast, 
Landsat data have been used widely for mapping burned area (Arino 
et al., 2001; Boschetti et al., 2015; Chuvieco et al., 2019). 

Fire transforms living and dead leaf and woody material into char 
and ash that typically is identified by reduced reflectance post-fire, 
particularly in the NIR, which may persist for weeks (in savannas and 
grasslands) to decades (in boreal forests) (Melchiorre and Boschetti, 
2018; Trigg and Flasse, 2000). Prior to the free availability of Landsat, 
burned area mapping was undertaken using a small number of cloud- 
free images, typically by thresholding spectral reflectance or by visual 
interpretation (Hall et al., 1980; Minnich, 1983). Subsequently, spectral 
band ratios such as the Normalized Burn Ratio (NBR), defined as the NIR 
minus the SWIR reflectance divided by their sum (López García and 
Caselles, 1991), and others (Chuvieco et al., 2002) were developed and 
used to map burned areas. The NBR has also been used to map burn 
severity, including systematically across the U.S. (Picotte et al., 2020), 
although relationships to ground assessments of severity are often 
imperfect (French et al., 2008; Roy et al., 2006). 

In the last decade, Landsat and Sentinel-2 time series based burned 
area mapping algorithms have been developed to take advantage of the 
temporal persistency of fire effects. The change in reflectance post-fire 
depends on several factors but predominantly on the fraction of the 
pixel that burned and on the combustion completeness, which is the 
fraction of fuel exposed to the fire that actually burned (Roy and 
Landmann, 2005). Factors including post-fire vegetation recovery, the 
degree of char and ash dissipation by wind and rain, and pre-fire and 
post-fire vegetation structure, soil and understory reflectance, also affect 
burned area mapping (Disney et al., 2011; Kokaly et al., 2007; Lentile 
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et al., 2006; Roy and Landmann, 2005; Trigg et al., 2005). In addition, 
burned area algorithms must differentiate between spectral changes due 
to fire and similar spectral changes that are not fire related (Giglio et al., 
2018; Roy et al., 2005). There is no consensus burned area mapping 
approach, although most algorithms are applied to reflectance or spec
tral band ratio time series and many are supplemented with active fire 
detections, such as Landsat and MODIS active fire detections (Boschetti 
et al., 2015), Sentinel-2 and MODIS active fire detections (Roteta et al., 
2019), using only Landsat (Hawbaker et al., 2017), or both Landsat and 
Sentinel-2 (Roy et al., 2019). 

An outstanding issue is the need to rigorously validate medium- 
resolution burned area products. Previously, 30-m burned area maps 
interpreted from hundreds of globally distributed Landsat image pairs 
were used to validate coarser spatial resolution global MODIS burned 
area products (Boschetti et al., 2019; Padilla et al., 2014). Currently, 
high spatial resolution (<10 m) independent burned area data are 
needed to assess the accuracy of Landsat and Sentinel-2 burned areas 
products, and this, with ongoing algorithm development, is an area of 
active research and development. 

We consider burned area an essential medium-resolution product 
that should preferably map the approximate day of burning given the 
ephemeral nature of fire and the utility of higher temporal resolution 
information for natural resource and fire management applications. The 
product should include per pixel quality information with flags to 
denote if there were insufficient satellite time series data to detect the 
burned/unburned status, the approximate detected day of burning, the 
acquisition dates of the images bounding the change, and a measure of 
the confidence of burn detection. 

3.2.2. Forest loss 
Forest loss accounts for >10% of human-induced greenhouse gas 

emissions mainly due to deforestation of humid tropical forests 
(Houghton, 2013) with rising emissions over the last two decades (Feng 
et al., 2022). In addition to carbon sequestration, forests provide many 

ecosystem services, including habitat for terrestrial biodiversity and 
maintenance of hydrologic services (Chiabai et al., 2011; Schwaab et al., 
2021), and provide key commodities, such as timber, pulp for paper, 
rubber, and cacao. Monitoring forests, in particular the conversion of 
natural forests to forestry or non-forest land uses, is required to assess 
the effects of these changes on environmental sustainability. 

The main way to assess national- to global-scale forest change has 
been through the use of time-series satellite data. Landsat data have 
been key for the mapping of forest loss in the Brazilian Amazon (Nelson 
et al., 1994), North America (Masek et al., 2008; White et al., 2017; Zhao 
et al., 2018, Egorov et al., 2023), Europe (Potapov et al., 2015; Senf and 
Seidl, 2021), and Asia (Grogan et al., 2015). At global scale, the Global 
Forest Change product (Hansen et al., 2013; Kim et al., 2014) identifies 
30-m pixels with >50% of canopy cover loss annually since 2000. We 
consider annual forest loss an essential dataset, for which feasibility at 
global scale have been demonstrated by the Global Forest Change 
product (Fig. 1). There is a range of approaches to map forest loss, 
including classification approaches based on image metrics (Potapov 
et al., 2015), or the analysis of Landsat time series (Zhu, 2017) including 
temporal segmentation (Hermosilla et al., 2015; Kennedy et al., 2010) or 
other types of fitted time series models (Verbesselt et al., 2010; Zhu 
et al., 2012). An ensemble of forest disturbance algorithms aggregated 
through ensemble learning (Healey et al., 2018) can overcome differ
ences in the results of different forest disturbance detection algorithms 
(Cohen et al., 2017). 

In addition to accurately identifying the timing and extent of forest 
loss, future forest loss products would ideally attribute forest loss to 
specific agents, such as harvest (Healey et al., 2006; Wilson and Sader, 
2002; Wulder et al., 2004), fire (Hawbaker et al., 2020; Roy et al., 2019), 
wind (Baumann et al., 2014), hydrology (Castaneda et al., 2005; Pekel 
et al., 2016), landslide (Barlow et al., 2003; Chen et al., 2019; Lacroix 
et al., 2019), insect infestation (Goodwin et al., 2008; Ye et al., 2021b), 
pathogens (Chen et al., 2017; He et al., 2019), or multiple disturbance 
agents (Kennedy et al., 2015; Schroeder et al., 2017). Recovery 

Fig. 1. (a) Global forest cover loss, 2001-2022, derived from annual multi-temporal Landsat metrics, shown averaged at a 0.05 degree resolution in red, green and 
blue by epoch. Insets are full resolution zooms of (b) Chaco woodland clearing in Paraguay centered at 60◦40'16"W, 20◦41'47"S, (c) shifting cultivation expansion in 
humid tropical forest of the Democratic Republic of the Congo centered at 29◦19'19"E, 0◦57'14"N, and (d) boreal forest logging and fire in Siberia, Russia centered at 
103◦22'44"E, 55◦49'02"N (after Hansen et al., 2013). 
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information characterizing the condition and structure of vegetation 
after disturbance is another desirable attribute (Pflugmacher et al., 
2014; White et al., 2018). Forest degradation remains challenging to 
quantify, due to its ephemeral nature particularly in tropical systems 
(Souza et al., 2005), and differing definitions and measurable attributes, 
but is possible (Bullock et al., 2020; Matricardi et al., 2020). Forest loss 
alerts are a monitoring application intended to provide near-real time 
information on disturbances that on the ground land managers and other 
interested parties may use to interdict or deter potential illicit activity. 
Landsat and Sentinel-1 and 2 based alerts (Hansen et al., 2016; Reiche 
et al., 2021) are part of the Global Forest Watch project (https://www. 
globalforestwatch.org/blog/data-and-research/integrated-deforestatio 
n-alerts/), and have decreased the probability of deforestation in Africa 
with attendant carbon benefits (Moffette et al., 2021). 

Forest loss validation is challenging but validation and area esti
mation of forest loss is possible through the use of random sampling 
designs and unbiased estimators (Penman et al., 2003). Good practice 
approaches to forest loss accuracy assessment and area estimation can 
be made using “reference data sources that provide sufficient spatial and 
temporal representation to accurately label each unit in the sample” 
(Olofsson et al., 2014). In this manner, a map of forest extent and change 
is used to stratify a study area, with accurately mapped classes affording 
a sampling efficiency that improves the precision of area estimates 
(Hansen et al., 2008). Importantly, probability-based stratified sampling 
of the reference data allows unbiased estimation of the forest cover loss 
accuracy metrics and associated standard errors (Olofsson et al., 2014). 
In addition, reference data may also allow to assess forest type, causes of 
forest loss, and land cover and land use outcomes (Tyukavina et al., 

Fig. 2. Continental land surface phenology at 30-m spatial resolution from Harmonized Landsat Sentinel-2 imagery (Bolton et al., 2020). The top row shows the day 
of year for green-up (left) and green-down (right) in 2019. Lower panel shows zoom in for specific locations for green-up: (A) mix of natural vegetation and land use 
in central Tennessee with higher elevation Smokey Mountains in the eastern portion of the image; (B) agriculture in North Dakota; (C) Appalachian ridge and valley 
system in Pennsylvania. 
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2018; Tyukavina et al., 2017). Such approaches enable the assessment of 
commodity driven deforestation, such as the role of soybean expansion 
in South America deforestation (Song et al., 2021). Sample-based esti
mates currently remain the most precise way to summarize forest extent 
and change dynamics. Validation is key to build confidence in the use of 
mapped products in downstream applications. 

3.3. Vegetation condition and phenology 

Measures of vegetation condition reflect the overall health of vege
tation (e.g., drought stress) and generally require a historical baseline to 
quantify changes (i.e., long-term average and trend). In addition to 
changes arising from external forcing, variation in phenology arising 
from natural variation in weather can drive changes in vegetation that 
are distinct from changes in condition. Time series of medium-resolution 
imagery allow both vegetation condition and phenology to be monitored 
at scale (Fig. 2). Typically this is undertaken using vegetation indices, 
which serve as proxies for canopy properties (Huete et al., 2002). 

In natural ecosystems, the timing of phenological events is a key 
indicator of the effects of climate change on growing seasons (Korner 
and Basler, 2010; Penuelas et al., 2009; Piao et al., 2019) and charac
terizes the sensitivity of ecosystem processes to climate variability and 
change (Friedl et al., 2014; Keenan et al., 2014). In agro-ecosystems, 
phenology is diagnostic of management practices (e.g., sowing and 
harvest dates, irrigation), crop types, and crop yields (Bolton and Friedl, 
2013; Sacks et al., 2010). Intra-annual time series of vegetation indices 
capture patterns in land surface phenology, providing information 
related to crop development and ecosystem function (de Beurs and 
Henebry, 2004; Gao et al., 2020). Phenological information resolved at 
medium resolution is particularly relevant for agricultural systems, both 
within large agro-industrial fields and in regions where smallholder 
agriculture with small fields and mixed cropping prevails (Griffiths 
et al., 2019). 

Long-term average land surface phenology can be estimated from 
multi-year Landsat time series (Elmore et al., 2012; Fisher et al., 2006), 
as can the timing of leaf emergence and fall senescence (Melaas et al., 
2016), and (in combination with MODIS) additional phenology dates 
such as canopy maturity or dormancy in forests (Baumann et al., 2017) 
and crops (Gao et al., 2017). The launch of Sentinel 2A and 2B, in 
combination with Landsat 8 and 9, provides the capability to monitor 
vegetation phenology and condition at medium resolution, but with 
MODIS-like temporal sampling. 

We consider vegetation condition and phenology products that map 
the timing and variability in vegetation indices at sub-seasonal time 
scale to be essential medium-resolution products. The products should 
include quality assurance information quantifying uncertainty in vege
tation condition and phenology metrics. Specifically, we suggest 
development of 30-m Normalized Difference Vegetation Index (NDVI) 
and Enhanced Vegetation Index (EVI) products, along with a separate 
phenology product derived from these vegetation indices. In cloudy 
regions, image compositing approaches (Qiu et al., 2023) can be applied 
to produce cloud and atmospheric artifact-free gap-filled data sets 
(Griffiths et al., 2019; Potapov et al., 2020). Gap-filled products provide 
user-friendly ARD, and would also provide reproducibility and trans
parency for analyses based on these data. Analyses of HLS data have 
generated medium-resolution land surface phenology (Bolton et al., 
2020) and crop phenology (Gao et al., 2020; Gao et al., 2021) products 
at scale. 

The land surface phenology metric product should capture three key 
characteristics of vegetation development: (i) timing of key phenological 
dates (e.g., the start of the season, peak growth, and the end of the 
season); (ii) productivity (e.g., seasonal mean, or the growing season 
integral of the vegetation index time series); and (iii) seasonality (i.e., 
the magnitude of within-season variability). Global maps of such metrics 
can only be produced at medium resolution using both Landsat and 
Sentinel-2 data. Vegetation condition products for the pre-Sentinel-2 era 

should focus on composite vegetation indices and on a reduced set of 
phenological descriptors insensitive to sparser time series data. Alter
natively, the combination of Landsat observations from multiple years 
can be used to produce multi-year average phenology products (Bau
mann et al., 2017), and, where there is sufficient data density, annual 
start and end of growing season metrics for stable land cover types 
(Melaas et al., 2016). 

Several factors influence the quality of phenological metrics: the 
temporal cadence of the satellite observations (i.e., the density and 
distribution of observations) during the annual phenological cycle, the 
quality of cloud, shadow and snow flagging, and the appropriateness of 
the model used to fit the observations. Per-pixel product quality infor
mation should reflect factors such as the maximum gap between ob
servations during each phenophase (e.g., greenup) during the growing 
season, and the coefficient of determination (R2) between interpolated 
and observed values during different periods in the growing season 
(Bolton et al., 2020; Zhang et al., 2018). 

In addition to the vegetation index and phenology essential products 
identified above, desirable vegetation condition products include 
medium-resolution Leaf Area Index (LAI) and the fraction of photosyn
thetically active radiation absorbed by the canopy (FAPAR). Both can be 
derived in multiple ways including radiative transfer modelling 
(Ganguly et al., 2012), downscaling MODIS/VIIRS LAI (Gao et al., 
2012), or using machine learning (Kang et al., 2021). For example, the 
Sentinel-2 Level 2 LAI and FAPAR products use the physically-based 
PROSAIL model to simulate surface reflectance and retrieve LAI and 
FAPAR using trained neural networks (Fernandes et al., 2014; Weiss and 
Baret, 2016). Another desirable product is the fraction of green vege
tation cover. Spectral mixture analysis can estimate fractional cover 
estimates globally from coarse resolution data (Filipponi et al., 2018), 
and is likely straightforward from Landsat and Sentinel-2 time series 
through generalizing endmember selection based on machine learning 
regression (Frantz et al., 2021; Schug et al., 2020). 

3.4. Surface radiation balance 

The partitioning of incoming radiation at the land surface is a key 
factor in regulating climate and Earth system processes. Incident radi
ation from the sun (Sd) and downwelling longwave radiation from the 
atmosphere (Ld) can be reflected, absorbed and re-emitted at the land 
surface, defining the net radiation energy (Rnet) available at the surface: 

Rnet = Snet +Lnet = (1 − α)*Sd +Ld–εs σ Ts
4 − (1–εs)*Ld (1)  

here Snet and Lnet, are net shortwave and longwave radiation energy, 
respectively, α is the broad-band albedo, Sd and Ld are the incoming 
(downward) shortwave and longwave radiation, respectively, εs is sur
face emissivity, Ts is surface temperature (ST), and σ is the Stefan- 
Boltzmann constant. The precise balance defined in Eq. 1 depends on 
local surface conditions and governs the rate of heating or cooling of the 
surface and surrounding air layer. The reflectance of the Earth surface in 
discrete wavelength bands is a primary satellite observable, conveying 
information including about properties of soils, plants, urban cover, and 
surface water. Satellite-based surface reflectance, albedo, and surface 
temperature products are collectively critical to understanding how 
factors regulating surface radiation balance respond to changes in land- 
use and land-cover, as well as the role humans play in modifying their 
environment. 

3.4.1. Surface reflectance 
Atmospheric correction of top of atmosphere (TOA) reflectance to 

surface reflectance is a fundamental pre-processing step required for the 
majority of land products (Roy et al., 2014a). The influence of the at
mosphere in scattering and absorbing incoming solar radiation as well as 
reflected and emitted surface radiation, is well established (Fraser and 
Kaufman, 1985). This influence, like the weather, is highly variable in 
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space and time, particularly for aerosol constituents that significantly 
scatter and absorb at shorter wavelengths (Dubovik et al., 2002). For 
example, the mean absolute difference between TOA reflectance and 
atmospherically corrected (i.e., surface) reflectance, expressed as a 
percentage of the surface reflectance, was documented as 45%, 22%, 
and 12% for the Landsat ETM+ visible blue, green and red bands across 
the United States (Roy et al., 2014a). 

Modern atmospheric correction algorithms use radiative transfer 
models in conjunction with ancillary data that characterize the atmo
spheric constituents, and usually an image-based aerosol retrieval 
methodology. The LaSRC (Land Surface Reflectance Code) is a generic 
atmospheric correction algorithm that accounts for gaseous absorption 
along with molecular scattering and aerosol extinction. LaSRC is based 
on the inversion of the “6SV” vectorial radiative transfer code (Kotch
enova and Vermote, 2007; Kotchenova et al., 2008). Although LaSRC 
was originally developed for MODIS and VIIRS (Vermote et al., 2014; 
Vermote and Saleous, 2002), it has been adapted to Landsat-8 and 9 
(Vermote et al., 2016) and Sentinel-2 (Doxani et al., 2018). LaSRC 
provides per-pixel quality assessment data and an internal cloud and 
shadow mask (Skakun et al., 2019). When both Landsat and Sentinel-2 
observations are combined, other approaches to atmospheric correc
tion can also be considered. Given that the primary bands of Landsat-8 
and 9 are very similar to Sentinel-2, and that their data together pro
vide several observations per week, time series approaches such as the 
Multi-Angle Implementation of the Atmospheric Correction (MAIAC) 
algorithm (Lyapustin et al., 2018) are possible. The use of the dynamic 
covariance technique, where the latest image is correlated with earlier 
images, helps establish a reproducible spatial surface pattern and 
develop a clear-sky reference image for improved cloud and cloud 
shadow detection (Lyapustin et al., 2008). Other algorithms, such as the 
Sensor Invariant Atmospheric Correction (SIAC) algorithm, that uses the 
MODIS BRDF/Albedo product (Schaaf et al., 2002) and Copernicus At
mosphere Monitoring Service (CAMS) operational forecasts of aerosol 
optical thickness and column water vapor (Benedetti et al., 2009; 
Morcrette et al., 2009) have been developed to atmospherically correct 
Landsat and other sensor imagery (Yin et al., 2022) with per-pixel sur
face reflectance uncertainties that are helpful for propagation into 
higher level product generation algorithms. 

Validation of surface reflectance is challenging due to the dynamic 
nature of the atmosphere and has typically relied on the use of AERO
NET data (Holben et al., 1998) to characterize atmospheric constituents 
at sites selected to capture a wide range of surface and atmospheric 
conditions (Ju et al., 2012; Vermote and Kotchenova, 2008; Wang et al., 
2009). Recent community exercises including the Atmospheric Correc
tion Intercomparison eXercise (ACIX) provide a forum for surface 
reflectance validation and atmospheric correction algorithm inter- 
comparison (Doxani et al., 2018; Doxani et al., 2023). Notably, the 
most recent ACIX exercise included the use of reference data from 
instrumented sites, such as ROSAS (Meygret et al., 2011) and RadCalNet 
(Bouvet et al., 2019), that directly and continuously measure surface 
reflectance. New systems, such as CAMSIS that use imaging systems 
mounted on stationary towers to measure heterogeneous vegetated sites 
(Vermote et al., 2022), are being developed and will enable meaningful 
validation of corrections to account for surface heterogeneity (i.e., ad
jacency effects) (Liang et al., 2001; Lyapustin, 2001; Ouaidrari and 
Vermote, 1999). 

3.4.2. Albedo 
Land surface albedo is also considered an essential climate variable 

(CEOS, 2015) necessary to monitor the surface energy budget. Medium- 
resolution albedo measures, retrieved daily or every couple of days, 
provide the details required to fully capture variability of the surface 
energy budget. 

Land surface albedo (α) is a hemispherical reflective quantity, rep
resenting the proportion of the incoming solar radiation that is reflected 
as a function of surface cover and structure, and ranges from 0.0 for the 

most absorptive surfaces, such as water, to almost 1.0 for the brightest 
reflective surfaces, such as fresh snow. Surface albedo can vary rapidly 
in time, for example, due to snowfall, snow melt, vegetation phenology, 
harvesting, and wildfires (Wang et al., 2017; Zhang et al., 2017), and at 
scales that may not be resolved at coarse spatial resolution. If sufficient 
directional surface observations are available to adequately model the 
character of the surface reflectance anisotropy (defined by the bidirec
tional reflectance distribution function (BRDF)), then robust measures of 
intrinsic surface albedo can be estimated from satellite observed re
flectances. Note that intrinsic measures of surface albedo, commonly 
called white sky albedo (bihemispherical reflectance, or wholly diffuse 
albedo) and black sky albedo (directional hemispherical reflectance, or 
wholly direct albedo) can be combined as a function of aerosol optical 
depth to generate an instantaneous albedo at a specific time (also known 
as blue-sky albedo) as would be measured by tower albedometers 
(Roman et al., 2010). 

Coarse spatial resolution land surface BRDF and albedo products 
have been generated at global scale on a systematic daily to weekly 
basis, including from MODIS and VIIRS (Roujean et al., 1992; Schaaf 
et al., 2002; Schaaf et al., 2011; Wang et al., 2019; Wang et al., 2017) 
and from multi-angle sensors such as MISR (Lyapustin et al., 2006; 
Martonchik et al., 1998), POLDER (Bacour and Breon, 2005; Hautecoeur 
and Leroy, 1998) and AATRS (Sayer et al., 2012). Sensors that have 
narrow fields of view and lower revisit cycles, such as Landsat and 
Sentinel-2, do not provide sufficient angular sampling of the surface to 
be able to characterize the BRDF reliably at time scales where the sur
face can be assumed to be unchanged (Roy et al., 2016b). Recently, 
medium-resolution surface albedos have been determined by coupling 
medium-resolution surface reflectance with surface anisotropy infor
mation derived from coincident more frequent but lower spatial reso
lution sensors. For example, a Landsat albedo algorithm has been 
developed that relies on daily MODIS/VIIRS BRDF retrievals from con
current or nearby locations and couples these with each Landsat 
observation to generate 30-m albedo products (Fig. 3) (Elmes et al., 
2021; Erb et al., 2022). Ideally, Landsat and Sentinel-2 based albedo 
products should be produced at near-daily to weekly time steps to 
capture rapid surface changes. This is especially needed to capture 
snowfall and rapid melting of snow cover, which can result in significant 
radiative forcing changes due to markedly different snow and non-snow 
covered surface albedo and changes in the snow characteristics (Betts, 
2000; Erb et al., 2022). Thus, the temporal dynamism of snow covered 
surfaces will be better captured by combined Landsat and Sentinel-2 
observations and this will be particularly true at higher latitudes 
because of low illumination conditions in the shoulder and winter sea
sons (despite more frequent overpasses). 

Satellite albedo product accuracy has been quantified by albedo 
product comparison with tower radiometer observations, such as 
measured by the US National Ecological Observation Network (NEON), 
the Baseline Surface Radiation Network (BSRN), the Greenland Climate 
Network (GC-Net), and the international FLUXNET (Wang et al., 2019). 
Accuracy assessment has typically been limited to comparisons with 
instrumented towers, but field measurements and uncrewed aerial ve
hicles UAVs and airborne data are also possible (Lyapustin et al., 2010; 
Wright et al., 2014; Wulder et al., 2022). Tower data provide long time 
series validation opportunities. The tower height governs how spatially 
representative the tower data are of the satellite footprint. For Landsat 
and Sentinel-2, even the short GC-Net towers are sufficient (Elmes et al., 
2021). All albedo products produced by space agencies internationally 
have per-pixel quality assessment information, for example, indicating 
the confidence in the albedo retrieval, and whether the albedo is a snow- 
free, and it is important that this information be examined by product 
users. 

3.4.3. Land surface temperature 
Land surface temperature (Ts) is a critical diagnostic of the surface 

energy balance, evaporative fluxes, and vegetation stress. Ts can vary 
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rapidly in space and time: for example, the diurnal variation in land Ts 
can be markedly different between a road and an adjacent crop field. Ts 
does not mix linearly with scale, and medium-resolution estimates are 
needed to capture many aspects of the landscape that are not resolved at 
coarse resolution. Medium-resolution land Ts has a wide range of uses 
including estimating net radiation, crop water use and evapotranspira
tion (see section 3.8), and quantifying urban heat island effects (Weng 
et al., 2004). That is why we consider medium-resolution land Ts to be 
an essential product. 

There is a long history of algorithms developed to retrieve land 
surface temperature (Ts) from coarse global coverage sensors with 
thermal wavelength detectors. Notably, the NOAA AVHRR sensors have 
~11-μm and ~12-μm thermal bands and more recent sensors have an 
additional ~4 μm band, and MODIS and VIIRS continue these configu
rations. Split-window Ts algorithms take advantage of these bands to 
reduce differential atmospheric absorption (Gerace et al., 2020; Wan 
and Dozier, 1996). 

The Sentinel-2A and -2B sensors do not have thermal wavelength 
detectors and so land Ts and εs products would need to be derived from 
Landsat only. Landsat’s thermal sensors are unique for their excellent 
calibration (<0.3 K RMSE) and routine global medium-resolution 
coverage (Barsi et al., 2014; Hook et al., 2020; Schott et al., 2012). 
The Landsat TM and ETM+ sensors had a single ~11.5-μm thermal band 
and although land Ts can be derived using atmospheric data, this re
quires the emissivity to be pre-defined or assumed to be constant 
(Malakar et al., 2018). Landsat-8 and 9 carry the TIRS sensors with two 
thermal bands (10.8 and 12 μm) that enable retrieval of land Ts after 
compensation of the measured radiance for atmospheric effects using a 
split-window correction (Gerace et al., 2020). However, the εs must be 
specified a priori, for example, based on the ASTER Global Emissivity 
Dataset (Hulley et al., 2015). The goal for satellite-retrieved land Ts is an 
uncertainty of 1 K based on user-driven baseline requirements and 
approved by the Committee on Earth Observation (CEOS) Satellites 
Working Group on Calibration and Validation (WGCV) Land Production 
Validation subgroup (Guillevic et al., 2018). The WGCV has further 
defined a protocol for best practices for the validation of surface 

temperature products. These include a temperature-based validation, 
radiance-based validation, multi-sensor inter-comparisons, and time- 
series analyses (Guillevic et al., 2018). Quality Assessment flags in 
land Ts products should include information related to the input data 
quality, cloud flags, and other algorithm performance metrics. 

Land εs is a desirable product. However, at least three thermal bands 
are necessary to physically retrieve emissivity. Planning for the next 
generation of Landsat therefore includes five thermal bands (Wulder 
et al., 2022) specifically to facilitate temperature-emissivity separation 
(Hulley and Hook, 2011). In this case, emissivity could be dynamically 
retrieved and supplied as an independent product such as in the current 
standard MODIS, VIIRS, and ECOsystem Spaceborne Thermal Radiom
eter Experiment on Space Station (ECOSTRESS) surface temperature 
products (Hulley et al., 2022; Hulley et al., 2018). Furthermore, net 
radiation (Eq. 1) should be considered as an aspirational product, 
combining albedo, temperature, emissivity, and gridded insolation and 
longwave data from reanalysis. 

3.5. Biodiversity and faunal habitat 

Biodiversity declines are a major societal concern because of 
resulting threats to ecosystem services, and because of the inherent 
value that many people place on natural ecosystems and the species that 
inhabit them. However, assessing the full diversity of life is challenging. 
Satellite data and derived products have an important role in informing 
efforts to conserve species’ habitat and safeguard biodiversity. Land 
cover classifications, for example, are good predictors of habitat quality 
and species distributions (Skidmore et al., 2021; Turner et al., 2003). 
Similarly, land cover change analyses highlight threats to protected 
areas (DeFries et al., 2005; Falcucci et al., 2007) or ecosystem services 
(Andrew et al., 2014). In addition, satellite data can characterize the 
underlying environmental conditions that affect biodiversity (Duro 
et al., 2007). 

Coarse-resolution satellite data can predict biodiversity at global to 
continental scales (Fjeldsa et al., 1997; Waring et al., 2006). For 
example, the 1-km MODIS-based Dynamic Habitat Indices (DHIs), 

Fig. 3. Landsat-8 derived Shortwave White Sky Albedo for May and June 2018 over Alaska USA. The 30-m resolution albedo values are generated by combining 
Landsat surface reflectances (C1) with temporally coincident BRDF information from MODIS (C6.1). The insets highlight the detail provided by 30-m albedo data 
including A) albedo values over the small waterbodies and wetlands in the Yukon River Delta in June 2018, and B) the decrease in albedo occurring over the 
Mooseheart (left) and Zitziana River (right) fires scars which occurred in 2018. For further details see Erb et al. (2022). 
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explain two thirds of the variation in species richness of amphibians, 
birds, and mammals globally (Radeloff et al., 2019). Similarly, image 
texture measures derived from MODIS vegetation indices provide a 
proxy for habitat heterogeneity (Tuanmu and Jetz, 2015; Wallis et al., 
2016), and MODIS-based winter habitat indices capture patterns of 
snow and frozen ground (Gudex-Cross et al., 2021), making such indices 
useful, for example, for bird species richness predictions (Carroll et al., 
2022). 

Medium-resolution satellite data are best suited for assessments of 
biodiversity and faunal habitat (Farwell et al., 2021; Pettorelli et al., 
2014; Turner et al., 2003) because those data capture both variability in 
environmental condition within an animal’s territory (Pettorelli et al., 
2005; St-Louis et al., 2010) and heterogeneity in vegetation structure 
(Cohen and Goward, 2004; Liu et al., 2001). Furthermore, medium- 
resolution satellite data capture conservation threats, such as urban 
development and agricultural expansion, well. 

There are several metrics that can be retrieved from satellite data to 
act as proxies or predictors of biodiversity. The DHIs summarize three 
aspects of the annual phenology of vegetation productivity and were 
originally proposed by Berry et al. (2007) and Mackey et al. (2004), and 
further developed by Coops et al. (2009), Hobi et al. (2017) and Radeloff 
et al. (2019). Cumulative productivity is a measure of available energy. 
Minimum productivity is a measure of resource limitations. Lastly, Vari
ation in productivity captures seasonality. The DHIs correlate well with 
biodiversity, but currently are only available globally at coarse resolu
tion (e.g., silvis.forest.wisc.edu/data/dhis). 

We suggest to produce the three DHIs globally as an essential 
medium-resolution product for biodiversity applications (Fig. 4). The 
DHIs can be derived from any proxy for vegetation productivity (Hobi 
et al., 2017), so 30-m EVI data would be adequate until more direct 
measures of productivity, such as FPAR were available. For the com
posite DHIs, which summarize long-term averages and are best for an
alyses of multi-year biodiversity data, such as species richness estimates 
derived from range maps, we suggest to analyze one decade of Landsat 
and Sentinel-2 observations, and calculate the median monthly vege
tation indices among years. For the annual DHIs, which are best when 
analyzing annual biodiversity data from field survey, missing monthly 
values need to be filled after curve fitting (Hobi et al., 2021). 

The DHIs cannot be measured directly on the ground, and are unit
less, which precludes their direct validation. However, quality 

assessment flags for the DHIs need to propagate uncertainties inherent in 
the EVI (or FPAR), and uncertainties related to sparse observations. For 
both composite and annual DHIs, it would be valuable to report the 
number of observations available in each month, their standard devia
tion, the months for which missing values had to be filled, and the 
longest stretch of subsequent months for which data was missing. In 
addition, a categorical quality flag that summarizes the detailed quality- 
related information into three classes of high-, medium-, and low-quality 
DHIs would be useful. 

3.6. Snow and glaciers 

We suggest that snow cover extent is an essential data product to 
support climate change investigations and snow hydrology applications. 
Although most land cover remote sensing classifications include per
manent snow and ice thematic classes, there is a need to map inter- and 
intra-annual variability in snow cover. Trends in the perennial land ice 
extent relate to local climate trends and the impacts of warming, water 
resources during the dry season, and contributions to sea level rise as 
glaciated areas continue to recede globally. 

Satellite-based cryospheric products, primarily derived from active 
and passive microwave data, and in a few cases Landsat, emerged in the 
late 1980s with imaging of ice sheet margins, sea ice, snow cover, al
bedo, and surface melting (Cavalieri et al., 2003; Key and Haefliger, 
1992; Key et al., 2016). Mapping snow cover extent was based on 
thresholding spectral indices such as the Normalized Difference Snow 
Index (NDSI), which is the normalized ratio of the green and SWIR bands 
(Dozier, 1989). Landsat snow cover extent mapping was limited by 
visible band saturation in the pre-Landsat-8 era (Crawford et al., 2013; 
Hall et al., 1986) and Landsat's low temporal resolution, which pro
hibited the mapping of fast-changing snow cover conditions that occur, 
for example, in mountainous regions and ephemeral mid-latitude melt 
zones (Crawford, 2015; Selkowitz and Forster, 2016a). In the 1990s and 
early 2000s, snow mapping algorithms were developed using Landsat 
and MODIS with refinements using other indices such as the NDVI to 
reduce NDSI thresholding sensitivity to forest cover (Hall et al., 2019; 
Riggs and Hall, 2020; Riggs et al., 2017). Spectral unmixing methods 
were developed that retrieved the sub-pixel fractional snow cover by 
unmixing end-member snow spectra from various background surface 
types such as rock, soil, or vegetation (Dozier et al., 2009; Painter et al., 

Fig. 4. The three Dynamic Habitat Indices (DHIs) from Landsat for the conterminous US (A) as a color composite with the cumulative, minimum and variability DHIs 
in GBR, and a zoom-in for parts of Colorado highlighting differences between MODIS (B) and Landsat DHIs (C). 

V.C. Radeloff et al.                                                                                                                                                                                                                             



Remote Sensing of Environment 300 (2024) 113918

13

2003; Painter et al., 2009). The improved radiometric resolution of the 
Landsat-8 and 9 optical wavelength sensors (12- and 14-bit, respec
tively, versus 8-bit for previous Landsat sensors) greatly increases the 
efficacy of the spectral unmixing approach for snow cover mapping 
(Crawford et al., 2019). For example, spectral unmixing is the basis for 
the current USGS fSCA algorithm (Selkowitz and Forster, 2016b; Sel
kowitz et al., 2017). 

A second essential product is perennial ice extent, which has been 
developed using MODIS and VIIRS by tracking the seasonal minimum 
snow extent, and spectrally determining the extent of exposed bare ice 
and snow-covered glacier ice, and excluding debris-covered areas (ice 
with heavy debris cover, or rock glaciers, or ice pods within permafrost, 
are not typically not considered in the mapping) (Rittger et al., 2021; 
Rittger et al., 2013). Perennial ice extent mapping is also possible with 
the current Landsat and Sentinel-2 constellation using existing algo
rithms that together have daily coverage >50◦ latitude and sub-daily 
coverage near the poles (Li and Roy, 2017). Although past algorithms 
based on MODIS and VIIRS have succeeded in mapping the snow cover 
minimum and its interannual variability, mapping the trend of perennial 
land ice cover will require the medium-resolution scale of the Landsat 
and Sentinel-2 sensors because extent changes are small from one year to 
the next. 

For snow cover extent, validation and quality data will need to 
address retrieval uncertainties that propagate from atmospheric 
correction artifacts, cloud and cloud shadow contamination (Crawford 
et al., 2013), and terrain shadowing (Rittger et al., 2021). For accuracy 
assessments, especially of fractional snow cover maps, high-resolution 
satellite imagery is necessary. Just as Landsat data were used to 
develop and validate snow cover products from MODIS (Crawford, 
2015; Hall et al., 2001; Rittger et al., 2013), Landsat snow cover algo
rithms can be validated using high spatial resolution WorldView or 
PlanetScope imagery (Bair et al., 2020; Stillinger et al., 2019). To vali
date perennial ice cover, Worldview stereo imagery and other sources of 
high-resolution topographic data can be used to identify the surface 
slope break along debris-covered glacier boundaries relative to the 
adjacent non-ice or low-ice content material. 

As a desirable product, we recommend glacier and ice sheet velocity 
data in addition to snow albedo (Section 3.4.2) and cover extent. Glacier 
and ice sheet flow velocity measurement by VNIR image-pair correlation 
to map ice feature displacement is quite mature (Bindschadler and 
Scambos, 1991; Fahnestock et al., 2016). These approaches became 
feasible thanks to the improved radiometric sensitivity of Landsat-8 and 
Sentinel-2, which allows ice flow tracking by estimating displacement 
based on decameter-scale roughness features (sastrugi fields, (Bind
schadler, 2003)), even in the absence of higher-contrast crevasses or 
debris cover. 

3.7. Inland and coastal water extent and condition 

3.7.1. Surface water extent and dynamics 
Surface water greatly affects climate, ecosystem processes, and 

human activity (Arnell, 2004; Shiklomanov, 1998). Surface water extent 
is highly dynamic due to both natural processes such as precipitation 
and evaporation, and human activities such as damming and irrigation. 
Information on surface water presence is a key variable in numerical 
weather prediction and climate models (IPCC, 2013) (Subin et al., 
2012). The Global Climate Observing System (GCOS) has identified lake 
area as an Essential Climate Variable, and surface water occurrence 
change is one of the relevant indicators of change in the climate system 
(Adrian et al., 2009). Natural lakes and free-flowing rivers are among 
the world’s most species-rich ecosystems (Dudgeon et al., 2006), making 
surface water habitat an Essential Biodiversity Variable (Pereira et al., 
2013; Pettorelli et al., 2016). Similarly, the UN Sustainable Develop
ment Target 6.6 calls for protection and restoration of water-related 
ecosystems and for the monitoring of change in their extent over time 
as a key environmental indicator (UN Environment, 2019). Humanity 

depends on water for drinking (WHO, 2016), sanitation (Hutton et al., 
2004), food production (Khan and Hanjra, 2009; Luseno et al., 2003), 
energy (Spang et al., 2014), and industry (Florke et al., 2013), while 
waterborne diseases such as malaria, and dengue pose substantial health 
risks (Birley, 1991). 

Given the critical importance of surface water for climate, biodi
versity, and humanity, it is necessary to map surface water occurrence 
reliably and consistently worldwide over several decades, with the 
highest possible spatial and temporal resolution. This means capturing 
seasonal and inter-annual changes of waterbodies, as well as their 
persistence over time (Belward et al., 2020). While surface water is often 
included in land cover maps, such maps do not capture surface water 
dynamics, which require mapping surface water extent ideally on a daily 
basis, but at least weekly. There are various methods for mapping sur
face water using optical remote sensing, with distinct trade-offs in terms 
of spatial and temporal resolution (Huang et al., 2018). The necessary 
first step in retrieving a range of downstream derivatives is identifying 
surface water presence or absence with very low commission and 
omission error for each single observation (‘pixel level’). Such higher- 
level derivatives are available in the Global Surface Water Explorer 
and include products such as occurrence, occurrence change intensity, 
maximum extent, recurrence, seasonality, and transition (Fig. 5), which 
describe both short- and long-term global surface water dynamics (Pekel 
et al., 2016). Landsat data allow to map surface water seasonality at 5- to 
10-year intervals (Yamazaki et al., 2015), and over multiple decades at 
sub-continental (Tulbure et al., 2016), continental (Mueller et al., 2016), 
and global scales (Pekel et al., 2016; Pickens et al., 2020). However, 
Landsat’s 30-m resolution and relatively low observation frequency 
induce omission errors for smaller water bodies, which can be wide
spread (Downing et al., 2006) and precludes mapping of surface hy
drological connectivity (Wu et al., 2021) making it advantageous to also 
analyze 10-20 m Sentinel-2 or Sentinel-1 data. 

The identification of surface water presence or absence with low 
commission and omission error is the necessary first step before deriving 
temporally resolved water parameters, such as the maximum surface 
water extent, water recurrence and seasonality, needed to describe 
short- and long-term global surface water dynamics (Pekel et al., 2016). 
Inland water’s small area (<3% of the global land area) and high spatio- 
temporal variability pose particular challenges to assess accuracy 
globally across different sensors and over several decades (Pekel et al., 
2016; Pickens et al., 2020) while adhering to best statistical practices 
(Olofsson et al., 2014; Olofsson et al., 2012). 

The validation design for water surface evaluation must address the 
inherent challenges of small spatial extent and spatio-temporal variation 
of inland water (Pekel et al., 2016). Obtaining a comprehensive global 
reference dataset for validation purposes is challenging due to the 
limited availability of high spatial resolution imagery archives. 
Furthermore, the frequent cloud coverage in certain regions restricts the 
availability of suitable observation. However, to meet the requirements 
of best statistical practices, a substantial number of samples is necessary. 
For instance, the validation of the Global Surface Water Explorer con
ducted by Pekel et al. (2016) utilized a comprehensive set of 40,124 
control points. A confidence measure of the class assignment (i.e., water, 
land, or non-valid observation) should be provided as per pixel QA flags, 
and propagated into parameters that document the long-term surface 
water dynamics. 

3.7.2. Surface water quality 
Just as important as the presence or absence of surface water is its 

quality, which is directly related to the ecosystem services waterbodies 
offer. Water quality is usually defined in terms of the physical, chemical, 
or biological properties of the water column. Global human change and 
rising temperature together with more frequent severe weather events 
threaten water quality in lakes, rivers, reservoirs, and coastal environ
ments (Vörösmarty et al., 2000; Whitehead et al., 2009). Optical remote 
sensing allows for monitoring surface water quality indicators such as 
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the concentration of chlorophyll-a (Chla), which is the primary pigment 
in phytoplankton (Carpenter and Carpenter, 1983). MODIS Chla prod
ucts at 250- to 1000-m resolution have been utilized for studying and 
monitoring harmful algal blooms and trophic states in coastal waters 
(Park et al., 2010; Werdell et al., 2009) as well as in large African or 
North American lakes (Binding et al., 2010; Chavula et al., 2009). 
However, many water bodies are too small to be reliably monitored with 
MODIS or MERIS data. For instance, Clark et al. (2017) showed that only 
< 10% of the U.S. water bodies (e.g., drinking water supplies, recrea
tional waters) are resolvable through a nominal 300 m spatial 
resolution. 

Since the mid-1980s, Landsat data analyses of small waterbodies 
demonstrated the feasibility for determining turbidity and total sus
pended solids (TSS) (Carpenter and Carpenter, 1983; Mertes et al., 1993; 
Montanher et al., 2014), harmful algal blooms (Ho et al., 2017) and 
water clarity (Kloiber et al., 2002). The utility of Landsat-5 and 7 data, 
however, remained largely exploratory, due to their low temporal res
olution, low radiometric resolution, and sparse spectral bands in the 
visible and NIR needed to monitor dynamic water quality parameters 
(Mouw et al., 2017). The improved radiometric quality and spectral 
coverage of the Landsat-8 and 9 OLI and OLI-2 (Masek et al., 2020) 
combined with Sentinel-2A and -2B MSIs with similar radiometric ca
pabilities but improved spectral resolution in the NIR, has spurred 
research efforts to assess the feasibility of generating harmonious water 
quality products from the two missions (Kuhn et al., 2019; Pahlevan 
et al., 2019). 

Combined Landsat and Sentinel-2 water quality products would 
enable the monitoring of naturally dynamic aquatic ecosystems, impacts 
of episodic events such as extended wet/dry periods (Gámez et al., 2019; 
Sinha et al., 2017), illegal spills and discharges (Dethier et al., 2019), 

and harmful algal blooms (Bresciani et al., 2018). Indeed, the shellfish 
industry is using this virtual constellation for site selection, and to devise 
risk mitigation strategies in the event of harmful algal blooms (Gernez 
et al., 2017; Snyder et al., 2017). The UNEP as the custodian agency for 
Sustainable Development Goal 6.3.2 indicator (i.e., the proportion of 
waterbodies with good ambient waters) is leveraging such data products 
to report on the global near-surface water quality conditions on a global 
scale. Estimating essential near-surface water quality variables 
including Chla, TSS, turbidity, and Secchi disk depth (or transparency) 
requires consistent satellite TOA reflectance data with reliable cloud 
screening and atmospheric correction (Pahlevan et al., 2021), and 
retrieval algorithms that, to date, rely mostly on empirical or semi- 
analytical models (IOCCG, 2000, 2018). 

Given the state of the knowledge and the availability of adequate in 
situ training datasets, global TSS, turbidity, and transparency products 
from both Landsat and Sentinel-2 observations are feasible for a range of 
aquatic conditions (Balasubramanian et al., 2020; Kuhn et al., 2019). 
With its red-edge band, Sentinel-2 is capable of resolving Chla in highly 
turbid/eutrophic waters whereas, similar to coarse-resolution imagers 
like VIIRS that are missing this band, Landsat can be used to retrieve 
Chla in less trophic waters (i.e., Chla < 8 mg m-3) (Jiang et al., 2020; 
Pahlevan et al., 2022; Smith et al., 2021). Progress on compensating for 
atmospheric effects will reduce the uncertainties in surface water quality 
products although atmospheric correction algorithms over aquatic en
vironments are still underway (Pahlevan et al., 2021). 

Validation of surface water quality products has been demonstrated 
(Pahlevan et al., 2022; Warren et al., 2021). However, high spatio- 
temporal dynamics of aquatic ecosystems, in particular in estuaries or 
larger lakes, present a major challenge when comparing satellite re
trievals with field measurements. Frequent cloud cover, haze, sunglint 

Fig. 5. An example of the water transition extracted from the Global Surface Water Extent dataset (Pekel et al., 2016) focusing on the River Ob in western Siberia, 
Russia. This change map offers comprehensive documentation of transitions taking place between permanent water bodies and seasonal ones, and is based on an 
analysis of the entire Landsat archive. 
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effects, and unfavorable environmental conditions (e.g., high winds) 
further diminish validation opportunities particularly in low and high 
latitudes. Lastly, validation data in developing countries are scarce, 
requiring a more cautious approach for the interpretation of products 
there. Surface water quality products should include pixel-level quality 
assessment flags, ideally in the form of continuous variables that 
quantify the confidence in a given estimate, rather than just categorical 
variables separating, for example, high-, medium- and low-quality 
pixels. 

3.8. Evapotranspiration 

Evapotranspiration (ET) is the net transfer of water from the land to 
the atmosphere, via both transpiration from plants and evaporation 
from soil and other surfaces. ET is the second largest component of the 
water budget, after precipitation, and a measure of the water that is 
consumed and lost from a watershed and therefore unavailable for other 
uses. Irrigated agriculture accounts for 70% of human water use glob
ally, and water demand is expected increase further by 20% by 2050 due 
to increased irrigation needs (AQUASTAT, 2016; WWAP, 2012). Thus, 
accurate information on ET is required to balance water supply and 
water demand, and to ensure adequate water supplies for agricultural 
production, ecosystem needs, and other uses. Satellite observations in 
the thermal infrared and reflectance bands can be used to assess surface 
moisture and vegetation status governing evaporative losses over both 
natural and managed landscapes. 

MODIS 8 and 16-day ET products are systematically generated 
globally at 500-m resolution based on the Penman-Monteith model, and 
used in regional water use assessments (Abolafia-Rosenzweig et al., 

2021; Mu et al., 2011). However, for many water resource applications, 
satellite data and derived ET products at <100-m resolution are required 
to capture variations in water use and plant stress at the stand or field 
scale (Anderson et al., 2012) (Fig. 6). Landsat is optimal for developing 
field-scale ET products because it provides well-calibrated, co-regis
tered, and contemporaneous TIR and optical data at medium resolution 
(30-100 m). The aforementioned lack of Sentinel-2A and -2B TIR bands 
limits the use of their imagery standalone for ET estimation. 

A variety of remote sensing approaches with different spectral and 
ancillary inputs, computational demands, and varying levels of 
complexity have been developed to map ET from Landsat data. Ap
proaches that rely only on optical data commonly use crop type infor
mation and crop-specific NDVI transformations to estimate fractional 
cover, and ultimately instantaneous and 24hr ET (Melton et al., 2012; 
Pereira et al., 2020). Another class of models use surface energy balance 
approaches (Allen et al., 2007; Anderson et al., 2007), which account for 
the energy used to transform liquid water in plants and soil into vapor, 
and rely on thermal, optical, and weather data to estimate net radiation, 
sensible heat flux, ground heat flux, and latent heat flux, or ET. 
Simplified surface energy balance approaches that rely on thermal and 
optical data are sometimes preferred for computational efficiency, but in 
these, certain components of the energy balance are not estimated 
(Fisher et al., 2008; Senay, 2018). In each of these approaches, instan
taneous ET retrieved at the time of the satellite overpass is typically 
upscaled to a daily (24hr total) value through the use of a scaling flux 
such as solar radiation, net radiation, or standardized reference ET, 
where daily ET = F * ETf, and F is the daily scaling flux (L/T) and ETf 
(unitless) is the instantaneous fraction of the daily scaling flux. When 
reference ET is used for F, ETf is analogous to a crop coefficient used by 

Fig. 6. Landsat-based OpenET ensemble average ET (Melton et al., 2021) difference between 2021 and 2020 annual ET for Ferron and Castle Dale, Utah, in the Upper 
Colorado River Basin. Agricultural areas in the region are primarily flood irrigated from mountain front streams, and low winter precipitation in 2020-2021 
negatively impacted irrigation deliveries as seen by reduced field-scale ET in 2021. Growing season precipitation was higher in 2021, resulting in higher ET 
within dryland areas than in 2020. Figure created using ClimateEngine.org, basemap Google. 
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the agricultural engineering community (Hobbins and Huntington, 
2016), but is representative of actual field conditions instead of well- 
watered conditions that traditional crop coefficients assume. 

To gain credibility within the user community, Landsat ET products 
require comprehensive and rigorous evaluation over a range of vege
tation cover types (e.g., croplands, grasslands, forests, shrublands), 
climate conditions (humid to arid), and land-management strategies (e. 
g., irrigated and rainfed crops). Validation data sources range from 
“point measurements” (meter to kilometer scale) from lysimeters and 
eddy covariance (EC) flux towers to larger scale (e.g., watershed) esti
mates obtained via water balance. Each type of measurement requires 
careful treatment and consideration of potential sources of measurement 
uncertainty. EC tower fluxes must undergo rigorous post-processing and 
energy budget closure assessment with station flux footprints identified 
to pair with respective satellite fluxes (Volk et al., 2023). Water balance 
requires high quality precipitation and streamflow data, and good un
derstanding of watershed dynamics. The model intercomparison study 
conducted under the OpenET project makes use of all types of mea
surements, and may serve as an example for future remote sensing ET 
product validation and benchmark efforts (Melton et al., 2021; Volk 
et al., 2023). QA flags should propagate from thermal and VSWIR inputs 
to the ET model, as well as quality of gridded input meteorological in
puts if available. Errors in ST retrieval due to undetected clouds or cloud 
fringes will be a major source of non-algorithmic error to ET estimates. 

Although ETf and 24hr ET on Landsat overpass dates are essential 
products, land managers often require time-continuous information at 
daily, weekly or monthly time-steps. Gap-filling ET between Landsat 
overpasses can be accomplished by interpolating the instantaneous ETf 
retrieval on the overpass date to time-continuous values, then recov
ering the ET time series values at each time step i from the scaling flux 
time series: ET (i) = F(i) × ETf(i). The time step for a desirable ET time 
series product will be constrained by computational capabilities and 
storage capacity. Errors in daily ET estimates due to temporal interpo
lation decrease as the interval between satellite overpasses decreases by 
about 20% on average between 16 days and 8 days. Therefore, use of 
multiple medium-resolution satellite platforms capable of simultaneous 
acquisition of thermal and optical data is ideal for increasing accuracy of 
monthly, seasonal, and annual ET estimates. QA flags would need to 
reflect the temporal density of direct retrievals used in the interpolation. 

4. Aspirational future products 

In addition to the essential and the desirable products outlined 
above, there are opportunities for aspirational, future products, which 
will require further algorithms refinements, but could become feasible. 
What follows are a few examples of such products, not a comprehensive 
list. 

For land cover, there is proof-of-concept for the mapping forest 
types, or dominant tree species at the genus level if stands are fairly 
uniform, for both boreal (Astola et al., 2019; Hermosilla et al., 2023) and 
temperate (Hemmerling et al., 2021) forests. Similarly, forest structure 
has been successfully mapped for selected regions. For all of Canada's 
forests, attributes including biomass, volume, canopy cover, and height, 
have been mapped using Landsat, with the generation of time series 
structural dynamics also demonstrated (Matasci et al., 2018a; Matasci 
et al., 2018b). In urban areas, medium-resolution satellite data can 
capture urban form and structure, and provide information on urban 
heterogeneity by using new spectral indices or subpixel mapping to 
characterize inter-urban variation (Chen et al., 2020; Zhu et al., 2019c). 

For forest disturbances, insect defoliation of forests has been suc
cessfully mapped in case studies (Goodwin et al., 2008; Ye et al., 2021b). 
Similarly, medium-resolution satellite data capture wind-throw in for
ests well (Baumann et al., 2014), but distinguishing disturbance agents 
correctly is an area of active research (Sebald et al., 2021; Senf and Seidl, 
2021). For burned area mapping, retrieval of the fraction of the pixel 
that burned and the combustion completeness is of interest for pyrogenic 

emission estimation, but they may be challenging to retrieve reliably 
over heterogeneous vegetation canopies and after post-fire exposure of 
soil (Roy et al., 2019). 

In terms of vegetation condition, crop yield estimates are fairly 
mature for some crops (e.g., maize, (Kang and Ozdogan, 2019)) and in 
some areas (e.g., North America (Johnson, 2014)), indicating that their 
yields could be monitored globally with Landsat and Sentinel-2 data, 
and yields of other crops may be possible to monitor routinely as well 
(Ferencz et al., 2004; Gaso et al., 2019). Similarly, the combination of 
Landsat and Sentinel-2 is frequent enough to capture mowing of 
temperate grasslands (Griffiths et al., 2020; Schwieder et al., 2022), 
thereby extending the mapping of grassland cover into grassland use. 
Using HLS data and a within-season emergence algorithm (Gao et al., 
2020), crop emergence dates were mapped over the U.S. corn belt (Gao 
et al., 2021), inspiring early-season crop monitoring for a large area. 

For biodiversity, habitat heterogeneity as captured by image texture 
is an aspirational product. Habitat texture captures small-scale vari
ability in reflectance among nearby pixels resulting from the heteroge
neity in the vegetation (Kayitakire et al., 2006; Wood et al., 2012), and 
high image texture is correlated with high species richness (Culbert 
et al., 2013; Hepinstall and Sader, 1997), and species occurrences (Estes 
et al., 2008; St-Louis et al., 2010). A second aspirational product for 
biodiversity is the set of three winter habitat indices capturing spatio- 
temporal patterns of snow (Gudex-Cross et al., 2021; Zhu et al., 
2019a). The duration of snow cover, and variability of snow cover are 
both good predictors of species richness (Gudex-Cross et al., 2022), and 
high thermal heterogeneity of land surface temperature in winter is a 
proxy for the availability of thermal refugia (Elsen et al., 2020). 

For the cryosphere, melt ponds on glaciers and sea ice are captured 
by Landsat data (Kingslake et al., 2017) because ponds have low NIR and 
SWIR reflectance. Other aspirational products are snow grain size (Fily 
et al., 1997; Painter et al., 2009), and ice front position for ice sheet 
outlet glaciers (Howat and Eddy, 2011; Moon and Joughin, 2008). 

Regarding the biology and biogeochemical cycles of aquatic eco
systems, aspirational products include absorption by colored dissolved 
organic matter, source and fate of dissolved organic matter (Fichot and 
Benner, 2011), phytoplankton types (Mouw et al., 2017), organic and 
inorganic particle properties (Bukata et al., 1995; Estapa et al., 2012; 
Woźniak et al., 2010), and harmful algal bloom quantifications (i.e., 
estimating cyanobacterial biomass) (Matthews and Odermatt, 2015; 
Mishra et al., 2013). 

Furthermore, the combination of Landsat and Sentinel-2 data with 
other types of satellite data, offers exciting opportunities for more 
aspirational products. The suite of essential global Landsat and Sentinel- 
2 data products systematically generated with production QA and vali
dation, combined with the availability of a global ARD, would accelerate 
the development of fusion products. For example, there is potential to 
gap-fill and perhaps improve forest structure retrieval by integration of 
Landsat and Sentinel-2 data with lidar (e.g., GEDI, ICESat-2), and radar 
(e.g., Sentinel-1 and upcoming NISAR) data. 

Ultimately, most of these and other aspirational products could be 
feasible for systematic production in the next decade given further 
research and algorithm refinement. The list of aspirational products is 
likely to grow as innovation and ingenuity devises new applications for 
Landsat and Sentinel-2 data. 

5. Discussion 

The time is right for the production of a suite of essential medium- 
resolution, global, systematic products. With an observation opportu
nity almost every second day, the current constellation of two Landsat 
and two Sentinel-2 satellites provide temporal frequency that is unpar
alleled and comes close to the daily observations that coarse-resolution 
satellites provide. The high frequency at which medium-resolution sat
ellite data are now available offers major opportunities to generate 
timely information for many pressing global problems. There are clear 
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and growing information needs related to a range of global change 
challenges that require a suite of medium-resolution products. 
Currently, these information needs are not met, which is detrimental to 
both, global change science and environmental management, and means 
that many of the potential benefits of the substantial investments into 
satellite sensors and ground segments have not yet been realized. 

Ultimately, the goal is to provide a broad suite of scientifically robust 
and socially relevant data products that are policy informative, not 
policy prescriptive. The information needs are greatest for the relatively 
short list of essential products (Table 2). These products should be the 
highest priority, and include land cover, land cover change, burned area, 
forest loss, vegetation indices, phenology, dynamic habitat indices, al
bedo, land surface temperature, snow cover, ice extent, surface water 
extent, and evapotranspiration. We recommend that all of these prod
ucts are produced globally and at least annually, and some of them, for 
example, evapotranspiration, surface water extent, and burned area, 
should be produced at finer temporal resolution. The reason why we 
deem these products as essential is that there is a well-established and 
high level of demand from large and varied user communities. 
Furthermore, all of these essential products pertain to multiple global 
change challenges including climate change, biodiversity conservation, 
food security, sustainable natural resource management and ecosystem 
services, and natural hazards (Table 1). Furthermore, for the essential 
products, algorithms are mature, lessening technological hurdles to
wards production. 

In addition, we identified a longer list of desirable products because 
global change has many dimensions (Table 2). Examples of desirable 
products include leaf area index, land surface emissivity, ice sheet ve
locity, and surface water quality. Clearly, the desirable products meet 
many important information needs, and if sufficient resources were 
available, their production would be highly beneficial. However, the 
desirable projects either have currently a smaller user community or 
their algorithms are not as mature as the essential product algorithms. 

5.1. Institutional and computational settings for product generation 

There are different institutional approaches via which these products 
could be generated, and we do not advocate for a specific one. Successful 
models for the generation of terrestrial satellite products include part
nerships between science agencies and academia (e.g., NASA’s MODIS 
product suite), or by government research agencies (e.g., the NLCD by 
the USGS) or between public and private entities (e.g., EU’s Copernicus 
Program). Research groups in academia play an important role devel
oping algorithms, and demonstrating aspirational products, but such 
groups often struggle to maintain continuous funding to ensure the 
necessary long-term consistency and production of data products. Given 
that the combination of Landsat and Sentinel-2 satellite data will result 
in products with the most desired spatial and categorical features for 
applications of global interest, value could be found in an international 
collaboration to support the generation of these products. CEOS could be 
one organization to foster such a collaboration. 

Independent of the approach, multi-decadal funding is required to 
maintain product continuity, including support for routine quality 
assessment, periodic validation, and product reprocessing. Products 
should have sufficient algorithm and product documentation, including 
information on the upstream and ancillary data used in the product 
generation, to allow verification of scientific claims and allow others to 
reproduce the products. Sharing algorithms openly will foster the 
involvement of user communities in the generation and review of the 
products, which in turn will foster wider product use. User communities 
will embrace medium-resolution products more readily if their long- 
term availability is guaranteed. This is likely if products are generated 
with government agency support, or the support from multiple gov
ernments in an international collaboration. Indeed, laws and policy 
frameworks increasingly require the use of Earth observation data as 
compliance and performance tools, and once the essential medium- 

resolution products that we propose here become readily available, 
that trend will further accelerate. In this regard, rigorous and indepen
dent accuracy assessments of all products are also key, because they 
instill trust in the quality of the products and provide numeric estimates 
of the uncertainty in the products that are necessary to make informed 
decisions. 

The products should be hosted in long-term guaranteed archives and 
made freely and easily available. Both the Landsat and Sentinel-2 sat
ellite programs have plans for future launches and a commitment to 
continue with current open data policies. Although commercial satellite 
constellations do not provide a consistent global acquisition strategy and 
are not openly distributed without cost, the ability to request high- 
resolution acquisitions provides value-added information complement
ing long-term, medium resolution global data that are freely and openly 
distributed. 

In terms of the computing environment, cloud-computing makes the 
generation and reprocessing of high-level products more feasible. For 
example, the USGS recently used commercial cloud computing to effi
ciently reprocess the Landsat archive and enable direct cloud access of 
Landsat images including global surface reflectance and land surface 
temperature (Crawford et al., 2023). Similarly, Google Earth Engine has 
enabled a new community to process medium-resolution satellite data at 
continental to global scales. However, cloud computing does not change 
the need for systematic product generation, and we do not advocate for 
an on-demand-processing model. Aside from the computational over
head, systematically generated products are needed for governmental 
reporting needs, and to ensure that scientific results are reproducible. 
Furthermore, there is little research so far on how to conduct valid ac
curacy assessments or quality assessments for on-demand-processed 
products. The aforementioned reporting needs and need for reproduc
ible results necessitates a well-designed collection strategy and ver
sioning control due to the implications of changes in upstream products 
on those further downstream. 

6. Conclusions 

We developed here a list of products to be derived from medium- 
resolution Landsat and Sentinel-2 data, which include land cover, land 
cover change, burned area, forest loss, vegetation indices, phenology, 
dynamic habitat indices, albedo, land surface temperature, snow cover, 
ice extent, surface water extent, and evapotranspiration. To create the 
proposed suite of essential products is a major undertaking, and requires 
that major challenges will have to be overcome, both in terms of 
securing long-term funding, creating the appropriate institutional and 
organizational setting, designing robust and efficient algorithms, and 
processing and storing very large volumes of data. However, producing 
these essential products would be a small undertaking in comparison to 
launching and operating the current constellation of medium-resolution 
satellites, and greatly leverage their value for much larger user com
munities. Serving these user communities, in turn, provides the stron
gest possible justification for future medium-resolution satellite 
missions, and the continuation of the Landsat and Sentinel-2 legacy. 
Two decades since MODIS products became available, and five decades 
after the first Landsat images were recorded, there is now the opportu
nity to produce freely available, standardized, and consistent products 
based on medium-resolution satellite imagery, which would be another 
major steps towards what inspired and sustained the Landsat program 
throughout its history. 
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Woźniak, S.B., Stramski, D., Stramska, M., Reynolds, R.A., Wright, V.M., Miksic, E.Y., 
Cichocka, M., Cieplak, A.M., 2010. Optical variability of seawater in relation to 
particle concentration, composition, and size distribution in the nearshore marine 
environment at Imperial Beach, California. J. Geophys. Res. Oceans 115. 

V.C. Radeloff et al.                                                                                                                                                                                                                             

http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1750
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1750
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1750
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1750
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1750
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1755
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1755
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1755
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1760
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1760
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1760
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1765
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1765
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1765
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1770
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1770
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1770
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1775
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1775
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1775
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1775
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1780
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1780
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1785
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1785
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1785
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1790
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1790
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1790
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1795
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1795
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1795
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1800
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1800
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1800
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1805
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1805
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1810
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1810
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1810
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1815
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1815
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1815
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1820
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1820
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1820
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1825
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1825
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1830
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1830
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1830
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1835
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1835
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1835
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1840
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1840
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1840
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1845
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1845
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1850
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1850
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1850
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1855
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1860
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1860
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1865
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1865
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1870
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1870
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1870
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1875
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1875
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1880
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1880
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1885
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1885
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1885
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1885
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1890
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1890
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1890
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1895
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1895
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1895
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1900
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1900
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1900
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1900
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1905
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1905
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1905
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1905
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1905
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1910
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1910
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1915
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1915
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1915
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1915
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1920
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1920
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1925
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1925
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1925
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1930
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1930
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1930
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1930
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1930
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1935
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1935
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1935
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1935
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1935
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1940
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1940
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1940
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1945
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1945
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1945
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1950
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1950
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1955
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1955
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1955
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1960
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1960
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1960
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1965
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1965
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1965
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1965
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1970
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1970
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1970
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1970
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1975
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1975
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1980
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1980
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1980
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1985
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1985
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1985
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1985
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1985
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1990
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1990
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1990
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1995
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1995
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf1995
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf2000
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf2000
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf2000
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf2005
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf2005
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf2005
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf2010
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf2010
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf2010
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf2015
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf2015
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf2015
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf2015
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf2015
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf2015
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf2015
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf2020
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf2020
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf2020
http://refhub.elsevier.com/S0034-4257(23)00470-4/rf2020


Remote Sensing of Environment 300 (2024) 113918

26

Wright, P., Bergin, M., Dibb, J., Lefer, B., Domine, F., Carman, T., Carmagnola, C., 
Dumont, M., Courville, Z., Schaaf, C., Wang, Z.S., 2014. Comparing MODIS daily 
snow albedo to spectral albedo field measurements in Central Greenland. Remote 
Sens. Environ. 140, 118–129. 

Wu, L.L., Chen, Y.Q., Zhang, G.X., Xu, Y.J., Tan, Z.Q., 2021. Integrating the JRC monthly 
water history dataset and geostatistical analysis approach to quantify surface 
hydrological connectivity dynamics in an ungauged multi-lake system. Water 13, 
497. 

Wulder, A.A., Skakun, R.S., Kurz, W.A., White, J.C., 2004. Estimating time since forest 
harvest using segmented Landsat ETM+ imagery. Remote Sens. Environ. 93, 
179–187. 

Wulder, M.A., White, J.C., Loveland, T.R., Woodcock, C.E., Belward, A.S., Cohen, W.B., 
Fosnight, E.A., Shaw, J., Masek, J.G., Roy, D.P., 2016. The global Landsat archive: 
Status, consolidation, and direction. Remote Sens. Environ. 185, 271–283. 

Wulder, M.A., Coops, N.C., Roy, D.P., White, J.C., Hermosilla, T., 2018. Land cover 2.0. 
Int. J. Remote Sens. 39, 4254–4284. 

Wulder, M.A., Hermosilla, T., White, J.C., Hobart, G., Masek, J.G., 2021. Augmenting 
Landsat time series with Harmonized Landsat Sentinel-2 data products: Assessment 
of spectral correspondence. Sci. Remote Sens. 4, 100031. 

Wulder, M.A., Roy, D.P., Radeloff, V.C., Loveland, T.R., Anderson, M.C., Johnson, D.M., 
Healey, S., Zhu, Z., Scambos, T.A., Pahlevan, N., Hansen, M., Gorelick, N., 
Crawford, C.J., Masek, J.G., Hermosilla, T., White, J.C., Belward, A.S., Schaaf, C., 
Woodcock, C., Huntington, J.L., Lymburner, L., Hostert, P., Gao, F., Lyapustin, A., 
Pekel, J.-F., Strobl, P., Vermote, E., Cook., B.C., 2022. Fifty years of Landsat science 
and impacts. Remote Sens. Environ. 280, 113195. 

WWAP, 2012. The United Nations World Water Development Report 4: Managing Water 
under Uncertainty and Risk. World Water Assessment Programme, Paris.  

Xie, Y.H., Lark, T.J., 2021. Mapping annual irrigation from Landsat imagery and 
environmental variables across the conterminous United States. Remote Sens. 
Environ. 260, 112445. 

Yamazaki, D., Trigg, M.A., Ikeshima, D., 2015. Development of a global similar to 90 m 
water body map using multi-temporal Landsat images. Remote Sens. Environ. 171, 
337–351. 

Yang, Y., Anderson, M.C., Gao, F., Johnson, D.M., Sun, L., Dulaney, W., Hain, C.R., 
Otkin, J.A., Prueger, J., Meyers, T.P., Bernacchi, C.J., Moore, C.E., 2021a. 
Phenological corrections to a field-scale, ET-based crop stress indicator: An 
application to yield forecasting across the US Corn Belt. Remote Sens. Environ. 257, 
112337. 

Yang, Y., Anderson, M.C., Gao, F., Wood, J.D., Gu, L.H., Hain, C., 2021b. Studying 
drought-induced forest mortality using high spatiotemporal resolution 
evapotranspiration data from thermal satellite imaging. Remote Sens. Environ. 265, 
112640. 

Ye, S., Rogan, J., Zhu, Z., Eastman, J.R., 2021a. A near-real-time approach for monitoring 
forest disturbance using Landsat time series: stochastic continuous change detection. 
Remote Sens. Environ. 252, 112167. 

Ye, S., Rogan, J., Zhu, Z., Hawbaker, T.J., Hart, S.J., Andrus, R.A., Meddens, A.J.H., 
Hicke, J.A., Eastman, J.R., Kulakowski, D., 2021b. Detecting subtle change from 
dense Landsat time series: Case studies of mountain pine beetle and spruce beetle 
disturbance. Remote Sens. Environ. 263, 112560. 

Yin, H., Brandão, A., Buchner, J., Helmers, D., Iuliano, B.G., Kimambo, N.E., Lewińska, K. 
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