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Abstract 35 

Land surface albedo plays an important role in controlling the surface energy budget and 36 

regulating the biophysical processes of natural dynamics and anthropogenic activities. Satellite 37 

remote sensing is the only practical approach to estimate surface albedo at regional and global 38 

scales. It nevertheless remains challenging for current satellites to capture fine-scale albedo 39 

variations due to their coarse spatial resolutions from tens to hundreds of meters. The emerging 40 

Sentinel-2 satellites, with a high spatial resolution of 10 m and an ~5-day revisiting cycle, provide 41 

a promising solution to address these observational limitations, yet their potential remains 42 

underexplored. In this study, we integrated the Sentinel-2 observations with an updated direct 43 

estimation approach to improve the estimation and monitoring of fine-scale surface albedo. To 44 

enable the capability of the direct estimation approach at a 10-m scale, we combined the 10-m 45 

resolution European Space Agency (ESA) WorldCover land cover data and the 500-m resolution 46 

MODIS Bidirectional Reflectance Distribution Function (BRDF)/albedo product to build a high-47 

quality and representative BRDF training database. To evaluate our approach, we proposed an 48 

integrated evaluation framework leveraging 3-D physical model simulations, ground 49 

measurements, and satellite observations. Specifically, we first simulated a comprehensive dataset 50 

of Sentinel-2-like surface reflectance and broadband albedo across a variety of geometric 51 

configurations using the MODIS BRDF training samples. With this dataset, we built the Look-52 

Up-Tables (LUTs) that connect surface broadband albedo and Sentinel-2 reflectance through a 53 

direct angular bin-based linear regression approach and coupled these LUTs with the Google Earth 54 

Engine (GEE) cloud-computing platform. We next evaluated the proposed algorithm at two levels: 55 

1) 10-m scale for absolute accuracy assessment using the references from the Discrete Anisotropic 56 

Radiative Transfer (DART) simulations and flux-site observations, and 2) 500-m scale for large-57 

scale mapping assessment by comparing the estimated albedo with the MODIS albedo product. 58 

Finally, we presented four examples of the Sentinel-2 albedo in detecting the fine-scale 59 

characteristics of vegetation and urban covers. Results show that: (1) the proposed algorithm 60 

accurately estimates surface albedo from Sentinel-2-like reflectance across different landscape 61 

configurations (overall root-mean-square-error (RMSE) = 0.018, bias = 0.005, and coefficient of 62 

determination (R2) = 0.88); (2) the Sentinel-2-derived surface albedo agrees very well with the 63 

ground measurements (overall RMSE = 0.030, bias = -0.004, and R2 = 0.94) and the MODIS 64 
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products (overall RMSE = 0.030, bias = 0.021, and R2 = 0.97); and (3) Sentinel-2-derived albedo 65 

captures the long-period leaf phenology and short-period snow events, and detects the interspecific 66 

(or interclass) variations of tree species and colorful urban rooftops. These results demonstrate the 67 

capability of the proposed approach to map high-resolution surface albedo from Sentinel-2 68 

satellites over large spatial and temporal contexts, suggesting the potential of using such fine-scale 69 

datasets to improve the understanding of albedo-related biophysical processes in the coupled 70 

human-environment ecosystem. 71 

Keywords: Direct estimation approach; Flux network; High-resolution satellite; Sentinel-2 72 

reflectance; MODIS BRDF/albedo; Spatial heterogeneity; Temporal dynamics 73 

 74 

1. Introduction  75 

Land surface albedo—the fraction of radiative flux reflected by a surface to the atmosphere 76 

—is a critical variable in estimating the global surface energy budget (Dickinson, 1983; Liang et 77 

al. 2019; Schaaf et al. 2002). It is one of the essential climate variables that reflect the variations, 78 

patterns, and drivers of the Earth's climate by regulating the biophysical effects of natural events 79 

or human activities (Shuai et al. 2014; Zeng et al. 2021). It is also tightly connected with several 80 

biogeochemical and hydrological cycles as the absorbed radiant flux (e.g. absorbed 81 

photosynthetically active radiation, APAR) drives the processes of plant photosynthesis, 82 

vegetation growth, and evapotranspiration (Chen and Liu, 2020; Marshall et al. 2018; Zhang et al. 83 

2020a). Therefore, an accurate estimation of surface albedo helps quantify the global surface 84 

energy budget and understand the biogeochemical and hydrological processes for improving 85 

predictions of future climate change within the context of increasing anthropogenic impacts.  86 

Increasing interest has particularly focused on the accurate mapping of fine-scale surface 87 

albedo, especially for the spatial resolution varying from a few to tens of meters (Li et al. 2018; 88 

Shuai et al. 2014). Fine-scale land surface presents spatially detailed characteristics of the 89 

landscape. Thus, the fine-scale variability in surface albedo reflects multiple relevant local- and 90 

landscape-scale biophysical processes of natural events and anthropogenic activities, such as land 91 

surface energy budget and radiative forcing, canopy photosynthesis and transpiration, wildfire 92 

burning, snowfall and snowmelt, urban expansion, and heat island effect (Baldinelli et al. 2015; 93 

Hu et al. 1999; Mihailovic et al. 2012; Potter et al. 2020; Schwerdtfeger, 2002; Trlica et al. 2017; 94 
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Wang et al. 2011). An increasing number of recent studies have proven the great potential of fine-95 

scale surface albedo for many other practical applications, such as forestry management (Kuusinen 96 

et al. 2014; Vanderhoof et al. 2014), agricultural monitoring (Gao et al. 2014; Li and Fang, 2015), 97 

and accuracy assessments of satellite products (Lin et al. 2018; Román et al. 2013; Wu et al. 2016). 98 

Therefore, an improved estimation and monitoring of fine-scale surface albedo are essential for 99 

understanding multiple albedo-driven biophysical processes and facilitating albedo-related 100 

practical applications. 101 

Multi-source remote sensing approaches have paved the way for monitoring surface albedo 102 

across different spatial and temporal scales. Tower-based flux network is the most accurate way 103 

to record surface albedo but is constrained to local spatial samples with an effective footprint of 104 

several hundred to thousands of meters (Baldocchi et al. 2001; Cescatti et al. 2012; Chu et al. 105 

2021). Drone flights are an alternative to flux-site observations for quantifying surface albedo with 106 

broader spatial coverage in a cost-effective way. However, this approach is also restricted to a 107 

limited spatial extent of several hectares (Cao et al. 2018; Levy et al. 2018). Satellite remote 108 

sensing is widely recognized as the only practical method for mapping surface albedo at regional 109 

and global scales owing to its global spatial coverage and short revisiting cycle (Liang et al. 2013; 110 

Schaaf et al. 2002). With rapidly increasing satellite launches over the past few decades, a variety 111 

of global-scale surface albedo products have become available across different spatial and 112 

temporal resolutions, such as the Advanced Very High Resolution Radiometer (AVHRR, 5-km 113 

spatial resolution and daily temporal resolution; Csiszar and Gutman, 1999), POLarization and 114 

Directionality of the Earth's Reflectances (POLDER, 6-km spatial resolution and 10-day temporal 115 

resolution; Breon and Maignan, 2017), Multi-angle Imaging SpectroRadiometer (MISR, 1.1-km 116 

spatial resolution and 9-day temporal resolution; Diner et al. 1998), Moderate-Resolution Imaging 117 

Spectroradiometer (MODIS, 500-m spatial resolution and daily temporal resolution; Schaaf et al. 118 

2002), Global LAnd Surface Satellite (GLASS, 1-km spatial resolution and 8-day temporal 119 

resolution; Liang et al. 2013), and Visible Infrared Imaging Radiometer Suite (VIIRS, 500-m 120 

spatial resolution and daily temporal resolution; Wang et al. 2013). However, these global products 121 

are limited to coarse spatial resolutions that cannot accurately capture the fine-scale dynamics of 122 

surface albedo caused by natural disturbances (Wang et al. 2016b) and anthropogenic disturbances 123 

(Trlica et al. 2017).  124 
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High-resolution satellites, especially Sentinel-2 with a 10-m spatial resolution and Landsat 125 

with a 30-m spatial resolution, offer an essential alternative to address the observational limitations 126 

of traditional coarse-resolution satellite sensors. However, insufficient multi-angular observations 127 

preclude using physical BRDF models to directly retrieve surface albedo from high-resolution 128 

satellites. Several recent studies have demonstrated the feasibility of integrating such high-129 

resolution satellite reflectance data and the coarse-resolution satellite BRDF product for 130 

monitoring fine-scale surface albedo. For example, Shuai et al. (2011) proposed a MODIS-131 

concurrent approach by integrating the paired surface reflectance of Landsat and MODIS 132 

observations of Nadir Bidirectional Reflectance Distribution Function (BRDF)-Adjusted 133 

Reflectance (NBAR) and albedo for mapping surface albedo with a 30-m spatial resolution. Li et 134 

al. (2018) recently extended this approach to the Sentinel-2 satellite for generating surface albedo 135 

with a 20-m spatial resolution. These studies have two model assumptions: (1) an equal ratio of 136 

reflectance and albedo between the high-resolution satellites (i.e. Landsat and Sentinel-2) and 137 

MODIS within the same land cover, and (2) high-quality MODIS data that is concurrent with the 138 

high-resolution satellite for providing BRDF parameters across different land covers. However, 139 

this type of approach relies on the concurrent high-resolution land cover classification map that 140 

limits its practicability to map surface albedo over large spatial areas.  141 

Alternatively, the direct estimation approach provides another method to map surface 142 

albedo from the top of atmosphere (TOA) or surface reflectance by using the linear relationships 143 

between surface albedo and reflectance (Liang et al. 1999). This approach avoids the real-time data 144 

processing of directional reflectance normalization, spectral albedo calculation, and narrowband-145 

to-broadband albedo conversion. He et al. (2018) used this approach to estimate surface albedo 146 

from the 30-m Landsat satellites. Zhang et al. (2020b) independently proposed a similar framework 147 

with flux-tower measurements to demonstrate the feasibility of using the direct estimation 148 

approach to monitor surface albedo from Landsat data. All these studies collectively suggest the 149 

great potential of using the direct estimation approach for mapping fine-scale surface albedo. 150 

However, the application of this approach remains unexplored for the Sentinel-2 satellites with 151 

much higher spatial and temporal resolutions and fewer spectral bands (only four 10-m resolution 152 

spectral bands) due to the lack of high-quality BRDF training samples and reliable evaluation 153 

datasets at the 10-m scale. Additionally, previous studies have successfully applied the direct 154 

estimation approach to other alternative satellites (e.g. Landsat) across individual sites, while the 155 
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potential of mapping fine-scale surface albedo from the Sentinel-2 satellites over regional and 156 

global scales remains poorly investigated.  157 

In this study, our main goal is to develop a direct estimation approach that allows for 158 

mapping fine-scale surface albedo from the 10-m Sentinel-2 satellites, with three sub-objectives: 159 

1) building a 10-m scale high-quality and representative dataset of BRDF samples for algorithm 160 

training and proposing a comprehensive albedo evaluation framework; 2) providing a feasible way 161 

for large-scale albedo mapping; and 3) exploring the practical implications of the Sentinel-2 albedo. 162 

To this end, we first integrated the 10-m resolution European Space Agency (ESA) land cover data 163 

and 500-m resolution MODIS BRDF/albedo product to select the representative BRDF training 164 

samples, simulated the pairs of surface albedo and Sentinel-2-like surface reflectance under 165 

different illumination and viewing geometry using MODIS BRDF training samples, generated 166 

Look-Up-Tables (LUTs) that connect these two quantities, and then fused these LUTs with the 167 

Google Earth Engine (GEE) cloud-computing platform. With this algorithm, we next estimated 168 

surface albedo from Sentinel-2 and validated the derived albedo with the references from the 3-D 169 

Discrete Anisotropic Radiative Transfer (DART) simulations, tower-mounted flux measurements, 170 

and MODIS satellite albedo products. Finally, we investigated the practical applications of the 171 

Sentinel-2 albedo in detecting the fine-scale characteristics of vegetation cover and urban area.  172 

 173 

2. Materials 174 

Two kinds of datasets were used in this study and described in detail as follows. 175 

 176 

2.1. Training and calibration datasets  177 

2.1.1. MODIS collection 6 BRDF/albedo product 178 

The 21-year (2000-2020) MCD43A1 and MCD43A3 products with 500-m spatial 179 

resolution were used. The MCD43A1 product provides three weighting parameters (isotropic, 180 

volumetric, and geometric) for seven narrow bands and three broad bands, allowing to simulate 181 

surface reflectance at the specific illumination and viewing geometry. The MCD43A3 product 182 

offers daily narrowband and broadband albedo for both direct (black-sky albedo, BSA) and diffuse 183 

(white-sky albedo, WSA) illumination conditions. The MODIS BRDF/albedo product is 184 

accessible at https://modis.gsfc.nasa.gov/data/dataprod/mod43.php. In this study, we downloaded 185 

and used MODIS BRDF/albedo for two distinct purposes. First, the MCD43A1 BRDF products 186 
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of individual samples were used to generate the simulated datasets of broadband albedo and 187 

Sentinel-2-like spectral surface reflectance for building up the reflectance-to-albedo LUTs with an 188 

angular bin-based linear regression, according to He et al. (2018), Qu et al. (2014), and Wang et 189 

al. (2015). Second, the MCD43A3 albedo data was selected as the benchmark data to assess the 190 

accuracy of Sentinel-2-derived surface albedo across regional and global scales.  191 

To collect reliable and representative BRDF data of individual samples, we filtered and 192 

downloaded the MODIS observations following four criteria: 1) high quality, using the quality 193 

assurance (QA) layer to extract the high-quality MODIS pixels (i.e. quality bit index = 0); 2) 194 

homogenous coverage, firstly screening out the candidate MODIS pixels that themselves and their 195 

surrounding area of 3 × 3 pixels have remained as unchanged land cover (indicated by the 196 

MCD12Q1 land cover product) during the last 21 years (2000-2020) and then selecting those pure 197 

homogeneous MODIS pixels with one dominant land cover (with the pixel-scale fraction of 198 

dominant land cover larger than 95% as indicated by the 10-m resolution ESA WorldCover data); 199 

3) coverage of a variety of land cover types, selecting MODIS data covering 16 land covers except 200 

for water body following the IGBP classification scheme; and 4) reasonable data range, ensuring 201 

the pair values of spectral reflectance and albedo calculated from the MCD43A1 BRDF kernel 202 

parameters within the physical range of [0, 1]. According to our sensitivity analysis of the impacts 203 

of BRDF training samples on algorithm accuracy (see Section 3.1.2 below), a total of 7200 204 

individual MODIS samples with 450 samples for each land cover type were finally selected and 205 

used (Fig. 1).  206 

To assess the accuracy of the proposed algorithm over regional scale, we also downloaded 207 

and used the gridded tiles of MCD43A3 albedo products across 16 land cover types covering a 208 

global area distribution (i.e. sites #a – #p in Fig. 2) during the four seasons of spring, summer, fall, 209 

and winter (i.e. one gridded tile per land cover per season) in 2019 for the purpose of albedo 210 

comparisons (see Section 3.3 below). Each MCD43A3 gridded tile included one dominant land 211 

cover (i.e. fraction of dominant land cover larger than 50% as indicated by the 500-m MCD12Q1 212 

product) and was quality controlled using the QA layer (i.e. quality bit index = 0).  213 

2.1.2 Sentinel-2 surface reflectance product 214 

The Sentinel-2 constellations with two identical polar-orbiting satellites (Sentinel-2A and 215 

Sentinel-2B) were launched by the European Space Agency (ESA) in 2015 and 2017 with the aim 216 
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to provide high-resolution observations to support the monitoring of the Earth's surface dynamics 217 

(Drusch et al. 2012). Both are equipped with the Multi Spectral Instrument (MSI) to help collect 218 

optical imagery with global coverage from 56° S to 84° N in a wide swath width of 290 km and a 219 

frequent revisit cycle of 5 days at the equator. The Sentinel-2 satellite has 13 spectral bands 220 

spanning from visible and near-infrared (NIR) to shortwave infrared (SWIR) at different spatial 221 

resolutions ranging from 10 to 60 m on the ground with distinct purposes. Specifically, three 222 

visible (blue, green, red) and NIR bands at 10-m resolution were designed to ensure continuity 223 

mission with the other high-resolution satellites (e.g. Landsat-8) to improve the land cover 224 

classification. Six infrared (four red edges, SWIR-1, and SWIR-2) bands at 20-m spatial resolution 225 

are used to enhance land-cover classification and improve the retrieval of geophysical parameters. 226 

The other three spectral bands at 60 m are dedicated mainly for atmospheric corrections and cirrus-227 

cloud screening (Drusch et al. 2012; Li et al. 2018). Moreover, the high-quality radiometric 228 

performance of the Sentinel-2 satellite with a 12-bit radiometric resolution and radiometric error 229 

within 5% allows to feasibly acquire surface signals without saturation (Sentinel-2 Team, 2021). 230 

Thus, the high spatial resolution, frequent revisits, wide swath, multispectral features, and high 231 

radiometric quality of Sentinel-2 enable the global monitoring of surface dynamics. 232 

The 10-m resolution Level-2A Sentinel-2 surface reflectance products of three visible (blue, 233 

green, and red) bands and one NIR spectral band were used herein, which are freely available from 234 

the GEE platform at https://developers.google.com/earth-235 

engine/datasets/catalog/COPERNICUS_S2_SR. To test the proposed algorithm, we used the 236 

three-year (2018-2020) Sentinel-2 surface reflectance data and the associated cloud probability 237 

product together with default cloud masking parameters (https://developers.google.com/earth-238 

engine/tutorials/community/sentinel-2-s2cloudless). In the main text, we primarily focused on the 239 

2019 Sentinel-2 data, with the results of 2018 and 2020 shown in the supplementary material. The 240 

results were overall comparable with those shown in 2019. In this study, we used Sentinel-2 data 241 

to estimate fine-scale surface albedo, which was later validated against ground measurements and 242 

MODIS satellite product (see Section 3.2 below) and next assessed for practical applications (see 243 

Section 3.3 below). 244 

 245 

2.1.3. Land cover product 246 

https://developers.google.com/earth-engine/datasets/catalog/COPERNICUS_S2_SR
https://developers.google.com/earth-engine/datasets/catalog/COPERNICUS_S2_SR
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To help select pure-pixel BRDF training samples, we used two types of land cover products, 247 

including the 10-m resolution ESA land cover mapping data in 2020 and the 21-year (2000-2020) 248 

500-m resolution MCD12Q1 land cover product. These two datasets were downloaded from the 249 

GEE platform and used with quality control from the default QA layer.  250 

The MCD12Q1 product was used for two purposes. First, to help select high-quality 251 

MODIS training BRDF samples, we used MCD12Q1 to screen out the pure MODIS pixels along 252 

with their 3 × 3 pixel surrounding areas that have shown homogeneous coverages and static land 253 

covers during the past 21 years. Second, to assess the accuracy and uncertainty of the proposed 254 

algorithm over regions scale, we employed MCD12Q1 to select the homogeneous gridded tiles of 255 

MCD43A3 albedo products across different land cover types as the validation benchmark. The 256 

ESA land cover mapping data were used to select the 10-m resolution representative BRDF 257 

samples from the candidate MODIS pixels filtered by the MCD12Q1 product.  258 

 259 

2.2. Validation datasets 260 

2.2.1. Flux network observations 261 

The tower measurements of downward and upward solar radiation from five flux networks 262 

in 2018-2020 were used. These flux networks include four globally distributed flux networks: 263 

Baseline Surface Radiation Network (BSRN), Surface Radiation (SURFRAD), AmeriFlux, 264 

European Fluxes Database (EuroFlux), and one regionally distributed Heihe Watershed Allied 265 

Telemetry Experimental Research (HiWATER) wireless sensor network (HiWaterWSN) with 266 

details as follows. 267 

BSRN: managed by the World Radiation Monitoring Center (WRMC) with the aim of 268 

providing high-quality observations of shortwave and longwave surface radiation fluxes, together 269 

with meteorological and other supportive measurements for validating and evaluating satellite-270 

based estimates of the surface radiative fluxes since 1992. It measures downward and upward 271 

shortwave radiation with both direct and diffuse components at 1-min intervals of sampling time. 272 

The flux datasets are available at https://dataportals.pangaea.de/bsrn/.  273 

SURFRAD: part of BSRN and supported by the National Oceanic and Atmospheric 274 

Administration (NOAA) office of global programs with the primary objective of collecting 275 

accurate, continuous, and long-term measurements of surface radiation budget over the United 276 

States for supporting climate-related research since 1995. It measures downward and upward 277 

https://dataportals.pangaea.de/bsrn/
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shortwave radiation with total, direct, and diffuse components at 1-min recording time intervals 278 

through the broadband pyranometers mounted on 10-m flux towers. The SURFRAD network data 279 

contained in the BSRN network has been excluded in the main text below to avoid any duplications. 280 

The flux datasets are available at http://www.esrl.noaa.gov/gmd/grad/surfrad/.  281 

AmeriFlux: launched in 1996 and it has become one of the most highly regarded networks 282 

in climate and ecological research, focusing on climate-relevant responses and terrestrial 283 

ecosystem processes. It is now supported by the AmeriFlux Management Project (AMP) of 284 

Lawrence Berkeley National Laboratory (LBNL) and offers half-hourly observations of downward 285 

and upward shortwave solar radiation together with tower height and other meteorological 286 

variables. The flux datasets are available at https://ameriflux.lbl.gov/.  287 

EuroFlux: mainly funded by the European Union since 1996 and jointly supported by 288 

several research projects (i.e. CarboAfrica, Carbo-Extreme, GHG-Europe, ICOS, and InGOS) with 289 

the primary objective of providing standard and high-quality observations to better understand the 290 

carbon and water cycles of terrestrial ecosystems. The European network currently manages over 291 

400 flux sites and records downward and upward shortwave radiation at a sampling interval of 30 292 

min, with flux data available at http://www.europe-fluxdata.eu/.  293 

HiWaterWSN: launched during the HiWATER campaign that was conducted over the 294 

Chinese Hehei river basin in 2012 with the scientific goal of using integrated, distributed, and 295 

multi-scale observations to improve the understanding of hydrological processes and ecosystem 296 

functioning of arid and semi-arid regions. A wireless sensor network (WSN) with 40 nodes was 297 

installed across seven meteorological stations to measure upward and downward shortwave 298 

radiation with a 10-min sampling interval (Che et al. 2019). The datasets are freely available from 299 

the National Tibetan Plateau/Third Pole Environment Data Center at 300 

http://data.tpdc.ac.cn/en/special/heihe/. 301 

Tower height is the key parameter for the effective footprint of flux sites, according to 302 

Román et al. (2013). We thus formulated the flux sites that do not provide auxiliary information 303 

on tower heights based on two assumptions: 1) for the high-tower flux sites (e.g. forest), we 304 

assumed the flux cameras could be installed at 3 m above the vegetation (Rojas-Robles et al. 2020) 305 

and extracted vegetation heights from the Global Ecosystem Dynamics Investigation (GEDI) 306 

database (Dubayah et al. 2020); and 2) for the low-tower flux sites (e.g. grassland and shrubland), 307 

we assumed installing flux cameras at a standard 10-m height similar to the SURFRAD network. 308 

http://www.esrl.noaa.gov/gmd/grad/surfrad/
https://ameriflux.lbl.gov/
http://www.europe-fluxdata.eu/
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Considering that the footprints of flux towers are larger than the Sentinel-2 pixel resolution, we 309 

assessed the representativeness of available flux sites using two Sentinel-2 albedo images across 310 

the leaf development and leaf senescence stages at each site, and selected only those homogeneous 311 

sites with the coefficient of variation (CV) metric less than 10% as the validation sites. Therefore, 312 

a total of 108 flux sites (with 91 site-years in 2018, 97 site-years in 2019, and 68 site-years in 2020) 313 

across different land cover types were downloaded and used, including 5 sites from BSRN, 4 sites 314 

from SURFRAD, 76 sites from AmeriFlux, 19 sites from EuroFlux, and 4 sites from HiWaterWSN 315 

(Fig. 2 and Table 1). In this study, the flux observations were first used to calculate site-level 316 

surface albedo, and then used as ground truth to validate surface albedo derived from the Sentinel-317 

2 satellites (see Section 3.2 below). 318 

 319 

2.2.2. 3-D DART simulations 320 

3-D DART simulations of different landscape configurations were used. With the DART 321 

model, we first created eight sets of 100-m × 100-m archetype scenarios with a 10-m spatial 322 

resolution (Fig. 3), covering one homogenous grassland, three-category (i.e. sparse, medium, and 323 

dense) heterogeneous forests, two types of built-ups (i.e. one unevenly distributed and one 324 

uniformly distributed), and two types of topography (i.e. one sloping surface with solo slope 325 

gradient and one rugged terrain that composited with a variety of individual sloping surfaces). We 326 

then generated a variety of synthetic scenarios from the archetype scenarios using different canopy 327 

structures, solar-viewing geometry, and illumination radiation configurations, with the leaf area 328 

index (LAI) ranging from 1 to 7 with an interval of 2, the solar zenith angle ranging from 0° to 60° 329 

with an interval of 10°, the viewing zenith angle ranging from 0° to 20° with an interval of 10°, 330 

the relative azimuth angle ranging from 0° to 180° with an interval of 45°, and two diffuse skylight 331 

ratios of 0 and 1. We specifically built a set of sloping surfaces (Fig.3g) with the slope gradient 332 

ranging from 0° to 60° with an interval of 10° and the aspect gradient ranging from 0° to 180° with 333 

an interval of 45°. Consequently, a total of 35, 280 scenarios were generated, covering all possible 334 

combinations of configuration parameters. With the typical leaf (deciduous leaf), ground (brown 335 

sandy loam), building (red cement), and road (gray concrete) properties, we finally simulated a 336 

synthetic dataset of Sentinel-2-like surface reflectance and shortwave albedo across different 337 

landscape configurations. 338 

 339 
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 340 

 341 

3. Methodology  342 

We divided the methodology into the following three major steps: 1) building up the direct 343 

estimation approach of angular bin-based regression by using the simulated datasets of surface 344 

reflectance and albedo; 2) validating the proposed algorithm with references from the 3-D DART 345 

simulations, ground-based measurements, and MODIS albedo product; and 3) exploring the 346 

practical applications of Sentinel-2-derived albedo in detecting fine-scale characteristics of surface 347 

dynamics. A flowchart that summarizes these major steps is shown in Fig. 4.  348 

 349 

3.1. Developing the direct estimation approach  350 

We divided this task into the following two sub-steps. 351 

 352 

3.1.1. Generating simulated datasets of surface reflectance and albedo from MODIS BRDF 353 
data 354 

The MODIS BRDF data of individual samples across different land cover types were 355 

primarily used to simulate datasets of Sentinel-2-like surface reflectance and surface shortwave 356 

albedo under different illumination and viewing geometry conditions.  357 

We simulated Sentinel-2-like surface reflectance with several steps. First, we split the 358 

complete datasets of 7200 MODIS BRDF data of 16 land cover types into training and validating 359 

components, with 400 and 50 samples (Fig. 1) for each land cover type, respectively. Second, we 360 

divided the illumination and geometry into small angular bins and simulated MODIS-like surface 361 

reflectance across seven spectral bands for each angular bin using the MODIS BRDF data together 362 

with the linear RossThick-LiSparseR BRDF model as follows (Lucht et al. 2000): 363 

ρ (θs, θv, φ, λ) = fiso (λ) + fgeo (λ) kgeo (θs, θv, φ) + fvol (λ) kvol (θs, θv, φ)                                          (1) 364 

where ρ (θs, θv, φ, λ) is surface reflectance under the solar zenith angle of θs, viewing zenith angle 365 

of θv, and relative azimuth angle of φ at the wavelength of λ; kgeo and kvol are the geometric optical 366 

and volumetric scattering kernels characterized by the functions of the illumination and viewing 367 

geometry, respectively; fgeo and fvol are the weights of these two kernel functions; and fiso is the 368 

isotropic weight.  369 
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Finally, we converted the simulated MODIS-like surface reflectance into the Sentinel-2-370 

like surface reflectance with the band conversion coefficients between these two satellites (Eq. 2 371 

and Fig. S1), which were derived from a linear regression approach using the relative spectral 372 

response (RSR) function profiles of Sentinel-2 and MODIS, together with 2394 samples of high-373 

quality spectra data. These spectra include 815 samples from the Ground Object Background 374 

Spectral Library for Surveying and Mapping (GOSPEL) (Zhong et al. 2020), 119 samples from 375 

the book of quantitative remote sensing for land surfaces (Liang et al. 2004), 221 samples from 376 

the spectral library of typical objects in China (Wang et al. 2009), 47 samples from the snow 377 

spectral datasets in Greenland (Qu et al. 2014), and 1192 samples from the USGS digital spectral 378 

library (Clark et al. 2007). Because the Sentinel-2 twin satellites have very similar spectral 379 

response curves (Fig. 5), we used the same band conversion coefficients for these two sensors as 380 

follows:  381 

ρS2 (λi) = a0 + Σ7j =1 aj × ρMODIS (λj)                                                                                               (2) 382 

where ρS2 (λi) is the Sentinel-2-like surface reflectance at spectral band λi (i = 1, 2, 3, 4); ρMODIS (λj) 383 

is the MODIS-like surface reflectance at spectral band λj (j = 1, 2, 3, 4, 5, 6, 7); aj (j = 1, 2, 3, 4, 5, 384 

6, 7) is the band conversion coefficient from MODIS spectral band λj to Sentinel-2 spectral band 385 

λi ; and a0 is the constant coefficient (Table 2). The close agreement between the converted 386 

Sentinel-2-like reflectance from MODIS-like reflectance and the directly simulated Sentinel-2-387 

like reflectance suggests high accuracy of the proposed band conversion coefficients (Fig. S1). 388 

We simulated datasets of shortwave albedo from the MODIS BRDF data with three steps: 389 

1) generating the narrowband albedo of seven MODIS spectral bands by integrating the BRDF 390 

data over the illumination or viewing geometry (Lucht et al. 2000; Schaaf et al. 2002). Specifically, 391 

we integrated MODOS BRDF data over the viewing hemisphere and the illumination and viewing 392 

hemispheres to simulate the BSA and WSA datasets, respectively; 2) converting the narrowband 393 

albedo to shortwave albedo with the regression coefficients suggested by Liang et al. (2002).  394 

 395 

3.1.2. Building LUTs from the simulated datasets 396 

With the simulated Sentinel-2-like spectral reflectance for one angular bin and the 397 

associated shortwave albedo, we used the linear regression approach to build the LUTs (i.e. 398 
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reflectance-albedo relationship) that connect shortwave albedo (both BSA and WSA) and spectral 399 

reflectance (He et al. 2018; Qu et al. 2014): 400 

α = C0 (θs, θv, φ)  +  Σ4j =1 Cj (θs, θv, φ) × ρS2 (λj)                                                                           (3) 401 

where α is the surface shortwave albedo; ρS2 (λj) is the Sentinel-2-like surface reflectance at spectral 402 

band λj (j = 1, 2, 3, 4); and Cj (θs, θv, φ) denotes the regression coefficient at spectral band λj. 403 

We built up the LUTs with three steps. First, we fine-tuned the optimal sizes of BRDF 404 

training sample and angular bin on the LUT building with two sensitivity analyses: 1) with the 405 

validating component of the MODIS data, we selected different angular bin sizes for algorithm 406 

training and validation and found that the angular bin sizes of 2°, 2°, 2°, and 5° for solar zenith 407 

angle, viewing zenith angle, solar zenith angle at local solar noon, and relative azimuth angle, 408 

respectively, could generate surface albedo with reasonable accuracy (Fig. 6 and Fig. S2) and then 409 

used these optimal angular bin sizes in our algorithm; and 2) with the optimal angular bin size, we 410 

selected different BRDF training samples for algorithm training and validation and found that the 411 

total sample size of 6000 could make the proposed algorithm stable with high accuracy (Fig. S3).  412 

Second, we considered the topographic effects in generating reflectance-albedo LUTs with 413 

two assumptions. First, we assumed that the MODIS BRDF parameter product is stable regardless 414 

of topography so that it can be used for generating BRDF over slopes. Second, we assumed that 415 

the topographic effects on 10-m Sentinel-2 surface reflectance are more dominated by the 416 

distortions of illumination and viewing geometry than the vegetation’s geotropic nature and the 417 

multiple-scattering among slopes (Wen et al. 2018). With these two assumptions, we used the local 418 

solar-viewing geometry (i.e. relative geometry between slope and solar or viewing sensor) as 419 

algorithm inputs to drive the LUTs. Thus, with the training component of MODIS data, we 420 

generated two types of LUTs for the BSA and WSA retrievals, respectively.  421 

Finally, we coupled the two LUTs of BSA and WSA with the GEE platform by using the 422 

default remap function to search regression coefficients and retrieve surface albedo. It’s 423 

noteworthy that since regional- and global-scale 10-m digital elevation model (DEM) datasets that 424 

match Sentinel-2 resolution are very limited and have not yet been indigested by the GEE platform, 425 

we thus set the slope gradients as zero by default in our following regional and global albedo 426 

estimation and analysis that were conducted on the GEE platform, but we considered topographic 427 
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impacts in the accuracy assessment with 3-D model simulations and tower-based flux 428 

measurements.  429 

 430 

3.2. Validating the direct estimation algorithm 431 

The 3-D DART simulations, ground measurements, and MODIS observations were used 432 

to evaluate the accuracy of Sentinel-2-derived surface albedo across three spatial levels ranging 433 

from the site, regional, to global scale. We first applied the developed algorithm to the DART 434 

simulated Sentinel-2-like reflectance to estimate surface albedo and compared the derived albedo 435 

with the DART simulated albedo. We then further used this algorithm to estimate surface albedo 436 

from Sentinel-2 satellite surface reflectance and conducted evaluations with the tower-based flux 437 

measurements and MODIS data. Three commonly used metrics, including the bias, root-mean-438 

square-error (RMSE), and coefficient of determination (R2), were used for accuracy assessments.  439 

 440 

3.2.1. Estimating surface albedo using the developed LUTs  441 

Pre-built LUTs were used to estimate surface albedo from the DART simulated Sentinel-442 

2-like reflectance data and Sentinel-2 satellite surface reflectance. 443 

(1) Retrieval of surface albedo from the DART simulated reflectance. With the DART 444 

simulated Sentinel-2-like surface reflectance and solar-viewing geometry, we retrieved surface 445 

albedo using the pre-built LUTs in Eq. 3 to estimate BSA and WSA, respectively. 446 

(2) Retrieval of surface albedo from Sentinel-2 reflectance. We first used the cloud 447 

probability product with the s2cloudless algorithm provided by GEE to remove cloudy and shady 448 

Sentinel-2 pixels. With the cloud-free Sentinel-2 reflectance and solar-viewing geometry, we then 449 

used them as inputs for the pre-built LUTs in Eq. 3 to estimate both BSA and WSA, respectively. 450 

 451 

3.2.2. Assessing the proposed algorithm at a 10 m scale  452 

The absolute accuracy and uncertainty of the Sentinel-2-derived albedo were evaluated at 453 

a 10-m scale using the DART simulations and flux observations. We first compared the estimated 454 

pairs of BSA and WSA using our algorithm with the DART simulation pairs of BSA and WSA 455 

(Fig. 7 and Figs. S4-S5), respectively. We then compared the blue-sky albedo derived from the 456 

Sentinel-2 observations with the flux measurements, with three considerations: 1) given that flux 457 

measurements are a mix of direct and diffuse illuminations, we integrated the derived BSA and 458 
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WSA to calculate blue-sky albedo using the fraction of diffuse skylight in two cases: (i) if the flux 459 

site has recorded both direct and diffuse fluxes, ground-measured diffuse skylight fraction was 460 

used, and (ii) otherwise, a default value of 0.2 was used, according to He et al. (2018); 2) to 461 

minimize the potential impacts of unstable illuminations on the flux measurements, we selected 462 

tower flux measurements between 11: 00 a.m. and 13 : 00 p.m. local time to calculate ground 463 

albedo of local solar noon; and 3) since most tower flux footprints are larger than one Sentinel-2 464 

pixel size, we selected the Sentinel-2 pixels that centered on the tower flux footprint, and 465 

conducted the "point-to-pixel" evaluation by comparing ground albedo with the Sentinel-2 466 

centered-pixel albedo (Fig. 8 and Fig. S6), together with a sensitivity analysis of geometric 467 

mismatch effects with 100-time repeated comparisons between ground albedo and the random 468 

Sentinel-2 pixel observations within the tower flux footprints (Fig. S7). Third, we assessed the 469 

accuracy of the proposed algorithm across different snow cover conditions (Fig. S8), topographic 470 

slopes (Fig. S9), flux site networks (Fig. S10), and cross-year variations (Fig. 9, Figs. S11 and 471 

S12). We also compared our algorithm with other alternatives, including the narrow-to-broadband 472 

(NTB) conversion method (Bonafoni and Sekertekin, 2020) and the MODIS-concurrent approach 473 

(Li et al. 2018, Fig. S13). 474 

  475 

3.2.3. Assessing the proposed algorithm at a 500 m scale  476 

Subsequently, we assessed the large-scale mapping capability of the proposed algorithm 477 

by comparing the Sentinel-2-derived pairs of BSA and WSA with the MODIS BSA and WSA 478 

products at the 500-m scale using two steps. First, we estimated surface albedos from Sentinel-2 479 

in gridded tiles across 16 land cover types and four seasons (Fig. 2) and compared them with the 480 

corresponding MODIS albedo product with strict quality control (quality bit index = 0) for 481 

regional-scale assessment (Figs.10, 11 and Figs.S14-S16). Second, we generated monthly means 482 

of global BSA and WSA from Sentinel-2 in June 2019 and compared them with the corresponding 483 

monthly means of global MODIS BSA and WSA for global-scale assessment. Specifically, the 484 

derived Sentinel-2 albedos were upscaled from their original resolution of 10 m to 500 m to match 485 

MODIS data resolution using an area-weighted averaging approach for regional- and global-scale 486 

assessments (Fig. 12 and Fig. S17).   487 

3.3. Exploring practical applications of Sentinel-2 albedo 488 

We explored the potential of 10-m Sentinel-2 albedo in capturing fine-scale spatial and 489 
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temporal characteristics of surface dynamics, including two examples of detecting interspecific 490 

variations across temperate trees and discriminating interclass differences across urban rooftops, 491 

and two examples of monitoring leaf phenology and snow events. Because BSA is very close to 492 

WSA, we used the Sentinel-2-derived BSA as examples to demonstrate the practical applications 493 

of Sentinel-2 albedo.  494 

3.3.1. Detecting fine-scale spatial dynamics of surface 495 

(1) Capturing interspecific variations across temperate trees. The high resolution of 496 

Sentinel-2 improves the capability of mapping tree species and assessing interspecific variations. 497 

We used the Sentinel-2-derived albedo to detect interspecific variations of one mixed temperate 498 

forest stand in Brandenburg, Germany. This forest stand (53°00'00" - 53°00'32"N, 13°46'48" - 499 

13°49'19"E, site #q in Fig. 2) spans an area of 3 km × 0.7 km and contains 8 dominant tree species, 500 

including Common red alder, Common sessile oak, Douglas fir, European ash, European beech, 501 

European Japanese larch, Norway spruce, and Scots pine (Fig. 13). More details on the forest 502 

compositions of this site can be found in Hemmerling et al. (2021). With the vector maps of 503 

dominant tree species from the forest inventory data, we extracted the time series of vegetation 504 

albedo across tree species by cropping the estimated Sentinel-2 albedo time series in 2019, and 505 

then assessed the interspecific variations (Fig. 13). We also presented the results of the 30-m 506 

resolution Landsat satellite for comparison.  507 

  (2) Capturing interclass variations across urban roofs. The ability of high-resolution 508 

Sentinel-2 albedo to capture fine-scale characteristics of built-ups was evaluated at one urban site 509 

in Beijing, China. This site is located south of Beijing (39°47'35" - 39°48'04"N, 116°23'56" - 510 

116°24' 50"E, site #r in Fig. 2) and occupies an approximate 1-km × 1-km area displaying a variety 511 

of colorful rooftops. With the high-resolution Google Earth imagery, we first visually identified 512 

each building roof and manually drew the rooftop map with the region of interest (ROI) of different 513 

colors. We then overlapped the manual ROIs with the Sentinel-2 albedo time series in 2019 and 514 

extracted the time series of rooftop albedos. We lastly compared the extracted albedos across 515 

different urban rooftops (Fig. 14) and extracted the Landsat satellite results of rooftop albedos for 516 

comparison (Fig. S18).  517 

 518 

3.3.2. Monitoring fine-scale temporal dynamics of surface 519 

Two phenocam sites of the National Ecological Observatory Network (NEON) were 520 
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selected to demonstrate the advantage of Sentinel-2 albedo in monitoring fine-scale temporal 521 

variations, including one forest site and the one agricultural site.  522 

  (1) Capturing leaf phenology of temperate trees. We evaluated the capability of 523 

Sentinel-2 albedo in capturing leaf phenology using the phenocam observations of the Casey Tree 524 

Farm in the Blandy Experimental Farm (BLAN) site in Virginia, USA. This forest site (39°02'01"N, 525 

78°02'30"W, site #s in Fig. 2) includes a mix of land-use types, including woodland, tree nurseries, 526 

and hay fields. The tower-top RGB (i.e. red, green, and blue) camera observations of an 8-m flux 527 

tower were used to measure leaf phenology dynamics. Using the Sentinel-2 imagery collection in 528 

2019, we first extracted and analyzed the albedo and enhanced vegetation index (EVI) time series 529 

of the Sentinel-2 pixel centered on the flux footprint, then compared them with the RGB camera 530 

observations (Fig. 15a). We also compared our results with the albedo time series of the Landsat 531 

pixel located at the same site.  532 

 (2) Capturing snowfall and snowmelt events. We assessed the ability of Sentinel-2 533 

albedo to monitor rapid snowfall and snowmelt events using the phenocam observations of the 534 

North Sterling (STER) site in Colorado, USA. This agricultural site (40°27'43"N, 103°01'45"W, 535 

site #t in Fig. 2) cultivates a variety of crops, including winter wheat, millet, and maize. We used 536 

the tower-top RGB camera observations of an 8-m flux tower to measure cropland dynamics and 537 

compared them with the albedo and EVI time series of the central Sentinel-2 pixel within the flux 538 

footprint (Fig. 15b). We also compared our results with the albedo time series of the Landsat 539 

satellite.  540 

 541 

4. Results 542 

4.1. Uncertainties of the direct estimation approach from simulated datasets 543 

We assessed the theoretical accuracy and uncertainty of the proposed direct estimation 544 

approach using the validating component of the MODIS sampling data. As shown in Fig. 6, the 545 

mean of fitted RMSE in simulating shortwave albedo increased from 0.017 to 0.050, with the local 546 

solar zenith angle increasing from 0° to 80°. Particularly, the mean RMSE was less than 0.020 547 

when the local solar zenith angle was lower than 60°, indicating the high accuracy of the proposed 548 

approach for estimating surface albedo from Sentinel-2 satellites. Our results showed that the 549 

direct estimation approach is relatively insensitive to the changes in angular bin size of 550 
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illumination and viewing geometry (Fig. S2), with slight increases in the maximum RMSEs of 551 

0.035, 0.025, and 0.019 for an increasing bin size from 0° to 40° for the local solar zenith angle, 552 

solar zenith angle, and relative azimuth angle, respectively. Our results also showed that algorithm 553 

accuracy increased with the size of BRDF training samples (Fig. S3), with the mean RMSE ranging 554 

from 0.056 to 0.017 for an increasing sample size from 500 to 6000 and remaining stable when 555 

the sample size was larger than 6000.   556 

 557 

4.2. 10-m scale accuracy assessment of the direct estimation approach  558 

The absolute accuracy of the proposed direct estimation approach in estimating surface 559 

albedo from Sentinel-2 were evaluated against the 3-D DART simulations and ground 560 

measurements from local flux sites. When compared with the DART simulations, the direct 561 

estimation approach presented high theoretical accuracy across different landscape configurations 562 

(bias = -0.010 - 0.012, RMSE = 0.015 - 0.020, R2 = 0.73 - 0.98 for BSA; bias = -0.010 - 0.010, 563 

RMSE = 0.014 - 0.022, R2 = 0.70 - 0.97 for WSA; overall RMSE = 0.018, overall bias = 0.005, 564 

overall R2 = 0.88; Fig.7 and Fig. S4). The low pixel-scale RMSE map also suggests the high 565 

accuracy of the direct estimation approach (Fig. S5). When compared with ground measurements, 566 

as shown in Fig. 8, ground flux towers detected significant variations in surface albedo with ranges 567 

from 0.065 to 0.907 across different land cover types. Our results demonstrated that the Sentinel-568 

2 satellite accurately captures variations in surface albedo, showing an overall high agreement with 569 

ground measurements across all flux sites (bias = -0.004, RMSE = 0.030, R2 = 0.94) and different 570 

land cover types (bias = -0.023 - 0.011, RMSE = 0.015 - 0.042, R2 = 0.40 - 0.99; Fig. 8, Figs. S6 571 

and S7). Our results also showed that the Sentinel-2 satellite closely tracked albedo variations of 572 

snow-free and snow-covered surfaces (bias = -0.003, RMSE = 0.027, and R2 = 0.62 for snow-free 573 

surface; bias = -0.009, RMSE = 0.060, R2 = 0.84 for snow-covered surface; Fig. S8), flat and 574 

rugged topography (bias = -0.004, RMSE = 0.029, R2 = 0.94 for slope < 5°; bias = -0.006, RMSE 575 

= 0.031, R2 = 0.96 for 5°< slope < 10°; and bias = 0.003, RMSE = 0.040, R2 = 0.97 for slope >10°; 576 

Fig. S9), flux networks (Fig. S10), and cross-year variations (Figs. S11-S12). Our sensitivity 577 

analysis results of the geometric match effects between flux footprint and Sentinel-2 pixel show 578 

the feasibility of the proposed evaluation strategy for selecting representative flux sites and 579 

conducting direct comparisons (bias = -0.005 - 0.006, RMSE = 0.028 - 0.035, R2 = 0.82 - 0.98; 580 
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Fig. S7). The sensitivity analysis of the model selection showed a better performance of the 581 

proposed direct estimation approach compared with the other similar alternatives (i.e. the NTB 582 

conversion method and MODIS-concurrent approach; Fig. S13). 583 

Our evaluations show that Sentinel-2 and flux tower observations detected significant 584 

seasonality in surface albedo caused by leaf phenology or surface changes across different land 585 

cover types (Fig. 9). Deciduous broadleaf forest (DBF) exhibited a leaf phenology-driven 586 

seasonality with increasing albedo for the green-up stage and decreasing albedo for the leaf 587 

senescence stage, respectively (Fig. 9b). Evergreen forest (ENF) showed a relatively stable albedo 588 

pattern across seasons except for the increasing pattern in spring and winter due to snowfall events 589 

(Fig. 9c). In contrast, cropland (CRO) displayed a human-driven seasonality with many 590 

variabilities in albedo that might have been disturbed by management activities (e.g. increasing 591 

albedo patterns in the growing phase augmented by the decreasing soil moisture and abrupt drops 592 

in albedo magnitude caused by irrigation practices; Fig. 9a). Wetland presented an increasing 593 

albedo seasonality likely due to the decreasing seasonal soil moisture (Fig. 9f). Compared with the 594 

other land covers, grassland (GRA) and open shrubland (OSH) showed much fewer albedo 595 

variations across seasons (Fig. 9d-e). Our results also showed that the surface albedos derived from 596 

Sentinel-2 have similar seasonality patterns with the ground measurements across different land 597 

cover types (Fig. 9) and inter-annual cycles (Figs. S12). 598 

 599 

4.3. 500-m scale accuracy assessment of the direct estimation approach 600 

We evaluated the capability of the proposed direct estimation approach in large-scale 601 

albedo mapping by comparing the Sentinel-2-derived surface albedo with MODIS albedo product 602 

across both individual gridded tile and global coverage. As shown in Fig. 10a-a2 and Fig.10c-c2, 603 

and Fig. S14, both the Sentinel-2 and MODIS gridded tiles showed large variations in the extracted 604 

surface albedo across spatial regions and different land cover types. Compared with the MODIS 605 

albedo with a relatively coarse resolution of 500 m, our local zoom-in results show that Sentinel-606 

2 detected many more details on the spatial variations of surface albedo in specific regions, such 607 

as the heterogeneous agricultural mosaics of cropland (Fig. 10b-b2) and disturbance patches of 608 

evergreen forest (Fig. 10d-d2). The 500-m scale assessment results show that the surface albedos 609 

derived from Sentinel-2 were overall comparable with the albedos derived from MODIS across 610 

gridded tiles (bias = 0.021, RMSE = 0.030, R2 = 0.97; Fig. 11a) and different land cover types 611 
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(bias  =  0.008 - 0.048, RMSE  = 0.011 - 0.060, R2  = 0.47 - 0.98; Figs.11b-c and Fig. S15). Our 612 

results also showed the high consistency between Sentinel-2- and MODIS-derived BSA and WAS 613 

(bias  =  0.008, RMSE  = 0.013, R2  = 0. 81 for BSA; bias  =  0.010, RMSE  = 0.16, R2  = 0.77 for 614 

WSA; Fig. S16). 615 

Our global-scale comparison maps of two satellites presented similar spatial variations in 616 

surface albedo, with large albedos at the North Pole covered by permanent snow (e.g. Greenland), 617 

African regions and Australia characterized by desert or dryland, and mountainous areas of the 618 

North American Cordillera, Andes, Appalachians, Alps, and Himalayas (Fig. 12a-12b and 619 

Fig.S17a-S17b). Our results also show close spatial consistency between pixel-level Sentinel-2 620 

and MODIS albedos, with a maximum bias of less than 0.02 across 45.9% of the global areas (Fig. 621 

12c and Fig. S17c). Overall, the Sentinel-2-derived surface albedos were highly comparable with 622 

those from MODIS at the global scale (bias = 0.031, RMSE = 0.048, R2 = 0.93 for BSA; bias = 623 

0.032, RMSE = 0.048, R2 = 0.93 for WSA; Fig.12 and Fig.S17). 624 

 625 

4.4. Fine-scale surface dynamics from Sentinel-2-derived albedo 626 

 We assessed the potential of the Sentinel-2 albedo for monitoring tree albedo variations, 627 

discriminating built-ups, and capturing leaf phenology and snow events. We first mapped the 628 

pixel-scale albedos of Sentinel-2 and Landsat over the forest stand (Fig. 13). These maps showed 629 

that there were large spatial variabilities in the estimated albedo across the entire landscape, with 630 

observed higher values in the north and east regions and lower values in the south and west regions 631 

(Fig. 13c-d). Due to higher spatial resolution, Sentinel-2 albedo showed many more spatial 632 

heterogenous characteristics than Landsat albedo (Fig. 13c vs. Fig. 13d). When overlapping these 633 

albedo maps with the dominant tree species map (Fig. 13b), we quantified the albedo variations at 634 

the interspecific and intraspecific levels and found large seasonal variations within and across tree 635 

species (Fig. 13e-13g). At the interspecific level, our results showed that European ash has the 636 

largest species-level mean albedo, followed by Common sessile oak, European beech, Common 637 

red alder, Douglas fir, European Japanese larch, Scots pine, and Norway spruce. At the 638 

intraspecific level, our results showed that European beech has the largest variability (indicated 639 

by the standard deviation of albedo within the same species), followed by the Norway spruce, 640 

Common red alder, Common sessile oak, Douglas fir, European Japanese larch, Scots pine, and 641 

European ash. Our comparative results between the two satellites demonstrated that Sentinel-2 642 



22 

 

has many more frequent observations than Landsat (observation number of 43 vs. 13 within a one-643 

year cycle) and can detect both the interspecific and intraspecific albedo variations, while Landsat 644 

shows less capability in detecting intraspecific albedo variations (Fig. 13e vs. Fig. 13f).   645 

We then mapped the pixel-scale albedos of Sentinel-2 over the built-up area (Fig. 14). The 646 

resulting map showed large spatial variabilities of the estimated albedo across the entire urban area, 647 

with observed higher values over the light-colored rooftops and lower values over the dark-colored 648 

rooftops. By overlapping the albedo results with the manual rooftop map, we quantified the albedo 649 

variations within and across color classes and found that light-colored rooftops showed larger 650 

class-level mean albedo and within-class albedo variations (indicated by the standard deviation of 651 

albedo within the same color class) than the dark-colored rooftops (Fig. 14b vs. Fig. 14j). Our 652 

results also showed a greater potential of Sentinel-2 than Landsat in discriminating different 653 

colorful urban roofs due to the larger interclass Sentinel-2-derived albedo variability (Fig. 14 vs. 654 

Fig. S18).  655 

Lastly, we extracted and analyzed the albedo and EVI time series over the forest and 656 

agricultural sites. As shown in Fig. 15, phenocam RGB images clearly illustrated the key stages in 657 

the leaf phenology and snowfall and snowmelt events. The extracted Sentinel-2 EVI showed two 658 

different seasonality patterns between forest and cropland. The value of forest EVI remained low 659 

during the dormant period (i.e. timing T1 to T2), increased with leaf green-up (i.e. timing T2 to T4) 660 

previous to the stable leaf peak stage (i.e. timing T4 to T5), decreased with the leaf senescence (i.e. 661 

timing T5 to T7), and reverted back to the dormant stage (i.e. timing T7 to T8, Fig. 15a). By contrast, 662 

cropland EVI presented a more rapid leaf green-up and senescence stages with a double-cropping 663 

cycle within one year (Fig. 15b). When comparing the temporal dynamics between EVI and albedo, 664 

as shown in Fig. 15a, Sentinel-2 albedo closely tracked EVI seasonality with an increasing pattern 665 

during the leaf green-up stage and a decreasing pattern during the leaf senescence stage, suggesting 666 

the potential of using Sentinel-2 in monitoring phenology-related biophysical processes. 667 

Additionally, Sentinel-2 albedo showed its capability of capturing the rapid temporal trajectory of 668 

snow events with different snowfall magnitudes. For example, as shown in Fig. 15b, Sentinel-2 669 

albedo detected a total of three snowfall and snowmelt events (i.e. timing T1-T2-T3, T3-T4-T5, and 670 

T6-T7-T8). Due to the relatively lower temporal resolutions, Landsat albedo has fewer informative 671 

observations on the leaf phenology and snow events. 672 

 673 
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5. Discussion 674 

The accurate monitoring of fine-scale surface albedo over large spatial coverage has 675 

fostered increasing research interests. However, large uncertainties remain in regards to current 676 

satellites with coarse spatial and temporal resolutions (Li et al. 2018; Qu et al. 2014; Shuai et al. 677 

2014; Wang et al. 2018). We addressed this challenge by integrating the high resolution of 678 

Sentinel-2 satellites with an improved direct estimation approach, which allows for estimating 679 

albedo from the surface reflectance of Sentinel-2 without the comprehensive retrieval from 680 

physical BRDF models that requires multi-angular observations within a short time period. Using 681 

this approach, we found that Sentinel-2 strongly agreed well with the DART simulations, ground 682 

measurements, and MODIS satellite product, and accurately detected the fine-scale spatial and 683 

temporal characteristics of surface albedo dynamics in vegetation and urban cover. These results 684 

demonstrate the great feasibility of using Sentinel-2 data for mapping fine-scale surface albedo to 685 

advance the characterization and understanding of multiple biophysical and biogeochemical 686 

processes. 687 

Our approach for extracting fine-scale surface albedo was also comprehensively evaluated 688 

across different spatial levels, including 1) 10-m scale assessments with comparisons between the 689 

Sentinel-2 simulations/observations and the DART simulations and ground measurements, and 2) 690 

500-m scale assessments with comparisons between the Sentinel-2 data and MODIS products 691 

across gridded tiles and global coverage. Overall, we found those surface albedos extracted from 692 

Sentinel-2 were highly comparable with the DART simulations, ground measurements, and 693 

MODIS satellite product across different land cover types (Figs. 7, 8, 11, S4, S6, and S15). The 694 

accuracy of Sentinel-2-derived albedo is consistent with previous assessments of surface albedo 695 

from Sentinel-2 or Landsat (Franch et al. 2014; He et al. 2018; Li et al. 2018; Shuai et al. 2014; 696 

Wang et al. 2016a). We also found that Sentinel-2 accurately detected the albedo seasonality within 697 

and across years, indicating the potential of using Sentinel-2 to capture natural dynamics and 698 

anthropogenic activities. In addition, we observed better performance of the albedo of snow-free 699 

surface extracted from Sentinel-2 than the albedo of snow-cover surface (Fig. S8a vs. Fig. S8b), 700 

which might be explained by the relatively higher uncertainty in the MODIS snow BRDF/albedo 701 

data (Schaaf et al. 2011; Wang et al. 2012) due to the lack of snow kernels in the current 702 

RossThick-LiSparseR kernel-driven models. Despite the relative greater uncertainty in the snow-703 

covered albedo, we observed that the retrieval accuracy of the snow-covered surface was close to 704 
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the other satellite data (e.g. MOD10A1, MCD43A3, VIIRS, and Landsat; He et al. 2018; Stroeve 705 

et al. 2006; Wang et al. 2018; Zhou et al. 2016). We also noted that the overall accuracy of our 706 

algorithm was highly comparable with other state-of-the-art methods (e.g. the NTB conversion 707 

method and MODIS-concurrent approach; Fig. S13). Our results showed the reasonable accuracy 708 

of Sentinel-2 albedo over rugged terrain (Figs. 7, S4, and S8), which is very comparable with the 709 

results of previous studies using physical BRDF models (Wen et al. 2022). The results also showed 710 

close agreement between the Sentinel-2-derived BSA and WSA data and the benchmark of the 711 

MODIS product (Fig. S16), which have also been previously reported (Manninen et al. 2019). 712 

These multifaceted evaluations and comparisons collectively demonstrate the effectiveness of the 713 

proposed direct estimation approach for estimating albedo from Sentinel-2 or other similar 714 

satellites with four spectral bands.   715 

The fine-scale characteristic examples of Sentinel-2 albedo demonstrate the great potential 716 

of using the proposed approach or data to advance albedo-related fields. First, it can aid multiple 717 

practical applications across the agricultural, forestry, and urban sectors, including detecting leaf 718 

phenology in forests (Figs. 9b-c, 15a, and S12b; Alibakhshi et al. 2020; Berbet and Costa, 2003; 719 

Wang et al. 2018; Williamson et al. 2016), management practices in croplands (Figs. 9a, 15b and 720 

S12a; Davin et al. 2014; Lobell et al. 2006; Miller et al. 2016; Singarayer et al. 2009) and 721 

grasslands (Figs. 9d and S12d; Abraha et al. 2021; Sciusco et al. 2020; Wang et al. 2007; Zheng 722 

et al. 2021), urban built-up infrastructure (Fig.14), and snowfall events (Fig. 15b). Second, it 723 

further allows the monitoring of fine-scale biophysical or physical processes from Sentinel-2 724 

albedo. These include, but are not limited to, studies of inferring forest growth from the close 725 

connections between land surface albedo and structural properties of individual trees (e.g. leaf area, 726 

stem area, and canopy height), tree species, forest age, and species composition (Alibakhshi et al. 727 

2020; Bright et al. 2018; Hovi et al. 2019; Kuusinen et al. 2014, 2016), as well as studies of 728 

assessing urbanization by relating surface albedo to the urban metrics of impervious cover fraction, 729 

tree coverage, population density, and land surface temperature (Kaplan et al. 2016; Trlica et al. 730 

2017). More importantly, since the spatial resolution of Sentinel-2 is finer than or almost equal to 731 

most tree-crown diameters (Bush et al. 2020; Wu et al. 2021), it also offers a promising way to 732 

monitor individual tree albedo and help understand the individual-to-ecosystem scaling 733 

mechanisms of albedo-related ecological processes plus other local disturbances (e.g. wildfires, 734 

drought, and snow melting) that might impact regional- and global-scale surface vulnerability and 735 



25 

 

feedback to global climate change (Diffenbaugh, 2005; Levy et al. 2018; Sciusco et al. 2020). 736 

Second, this approach could produce a unique high-resolution albedo dataset across multiple years 737 

(2018-present), which is critical for constraining the parameterization of Earth System Models in 738 

simulating the surface energy budget (Bonan and Doney, 2018; Brovkin et al. 2021), thus 739 

clarifying the impacts of human activity on global warming by changing biophysical processes 740 

(Wohlfahrt et al. 2021; Zeng et al. 2021) and improving the future projection of changing climate 741 

(Li et al. 2016; Wang et al. 2016a). Such a dataset would also serve as a benchmark to enable some 742 

advancements in refining algorithm development for generating the albedo product from satellites 743 

(Li et al. 2018) and improving validation efforts in accuracy assessments of satellite products (Lin 744 

et al. 2018; Wu et al. 2017). Third, the proposed integrated evaluation framework provides a multi-745 

scale strategy for assessing the accuracy and uncertainty of high-resolution satellite albedo. The 746 

use of 3-D radiative transfer model simulation, in particular, can offer valuable benchmarks when 747 

fine-scale ground measurements of surface albedo are lacking. This evaluation framework is also 748 

transferable and applicable to other satellite sensors (e.g. Gaofen-2 and PlanetScope; Houborg and 749 

McCabe, 2018; Vos et al., 2019) with equivalent or superior spatial resolution than Sentinel-2.  750 

The success of our approach for Monitoring fine-scale surface albedo relies on three 751 

premises. First, to compensate for the lack of 10-m surface BRDF data, our algorithm integrates 752 

the high-quality MODIS BRDF/albedo product and high-resolution ESA WorldCover data to build 753 

a 10-m resolution BRDF database for training, validating, and testing the semi-empirical statistic 754 

relationships between surface reflectance and albedo (Fig. 1). Second, to address the challenge of 755 

missing 10-m scale validation datasets, our approach provides an integrated evaluation framework 756 

of the 3-D radiative transfer model simulations, flux measurements, and satellite observations for 757 

generating 10-m scale simulations and representative flux measurements, and satellite albedo for 758 

the rigorous cross-scale accuracy and uncertainty assessments. Third, the Sentinel-2 twin satellites 759 

with a 10-m spatial resolution and ~5-day revisiting cycle (usually with tens to hundreds of cloud-760 

free observations per local site in a 1-year cycle) allow to capture spatially explicit information 761 

(Figs. 10, 12, S14, and S17) and the seasonality of surface albedo (Figs. 9, 15, and S12). 762 

Consequently, our algorithm shows that the integration of Sentinel-2 reflectance data and MODIS 763 

BRDF/albedo product enables the monitoring of fine-scale surface albedo with high confidence 764 

and accuracy.   765 
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Compared with previous studies, our study presents at least the following three 766 

advancements. First, it is one of the few studies that estimate surface albedo from optical satellites 767 

at such a high spatial resolution. Previous studies monitoring surface albedo have primarily 768 

focused on satellites with coarse spatial resolution from a distance of several hundred meters (e.g. 769 

MODIS and VIIRS; Liu et al. 2017; Wang et al. 2018) to tens of meters (e.g. Landsat; Baldinelli 770 

et al. 2017; Franch et al. 2014; He et al. 2018; Shuai et al. 2011). Although Sentinel-2 alone, or 771 

together with the Landsat, has been previously used for estimating surface albedo in agriculture 772 

and grassland (Li et al. 2018), urban environments (Baldinelli et al. 2017; Guo et al. 2022), and 773 

tropical forests (Franch et al. 2018), the integration of the direct estimation approach and 10-m 774 

Sentinel-2 twin satellites with rigorous algorithm development and comprehensive validation 775 

strategy has rarely been explored. Comparing the results with the other alternatives suggests that 776 

our algorithm is the most accurate among all comparative methods. Second, topography 777 

significantly impacts surface albedo (Hao et al. 2018; Ma et al. 2022; Wu et al. 2018), but has 778 

rarely been considered in the albedo retrieval algorithm for satellite observations. In our approach, 779 

we accounted for the topographic effects and assessed these effects using both DART simulations 780 

and ground measurements. Third, to the best of our knowledge, this study is the first to enable 781 

mapping surface albedo from Sentinel-2 at regional and global scales. The integration of the direct 782 

estimation approach with the GEE cloud-computing platform provides a promising possibility to 783 

map surface albedo over large spatial coverages. Our experiments show that estimating the surface 784 

albedo of one Sentinel-2 gridded tile (110 km × 110 km) with the GEE service takes only a few 785 

minutes (i.e. 3-10 minutes), demonstrating the great potential of generating a global, high-quality, 786 

10-m surface albedo product.  787 

Despite the successful implementations of algorithm development, evaluation, and 788 

practical usage, there are still several limitations that might bring some uncertainty to our results 789 

and should be considered and improved in future efforts. Firstly, our approach for estimating fine-790 

scale surface albedo reveals a degree of uncertainty in the snow-cover surface compared with the 791 

snow-free surface given the poor quality of snow-cover BRDF data from MODIS and the rapid 792 

changes in snowfall events. Therefore, an integration of improved physical BRDF models of the 793 

snow surface, which could generate more accurate training samples of snow reflectance and albedo  794 

(Jiao et al. 2019; Qu et al. 2014), and very high-resolution satellites (e.g. PlanetScope with 3-m 795 

spatial resolution and daily global coverage), which could allow for capturing rapid snowfall and 796 
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snowmelt events with a higher spatial and temporal frequency (Cannistra et al. 2021; Planet, 2021; 797 

Roy et al. 2017, 2021; Wu et al. 2021), would improve the accuracy of our approach in mapping 798 

albedo over snow surfaces. Moreover, considering the spatial resolution differences between the 799 

MODIS BRDF training samples and Sentinel-2 reflectance, the physical BRDF models or their 800 

associate kernel-driven functions accounting for fine-scale surface characteristics (e.g. building 801 

morphology and topography relief) could provide 10-m resolution and high-quality BRDF datasets 802 

to improve the algorithm training and albedo estimation. Secondly, regarding the evaluation aspect, 803 

the lack of ground reference makes the pixel-scale albedo evaluation difficult. More ground 804 

measurements with flux footprints that strictly match the Sentinel-2 pixel resolution are thus 805 

suggested to be conducted to provide reliable evaluation benchmarks. The integration of unmanned 806 

aerial vehicles (UAVs) and hyperspectral imaging technology could also generate valuable albedo 807 

references for evaluating satellite-estimated albedo. The area-weighted aggregation approach used 808 

in this study without accounting for surface heterogeneity might also involve some uncertainties 809 

in comparing Sentinel-2 and MODIS albedo. The multi-scale aggregation strategy that accounts 810 

for surface heterogeneity (e.g. rugged topography, Lin et al. 2018, 2021) is suggested to be 811 

developed for cross-scale albedo comparisons and assessments. Lastly, cloud cover and shadow 812 

result in significant data discontinuity in surface albedo and limit albedo data applicability. 813 

Therefore, gap-filling approaches should be developed to fill data gaps and generate high-quality, 814 

global-scale 10-m surface products for large-scale albedo analysis (e.g. albedo changes due to 815 

vegetation greening and urbanization; Guo et al. 2022; Li et al. 2016). 816 

 817 

6. Conclusions 818 

The accurate mapping and monitoring of fine-scale surface albedo are essential to quantify 819 

the biophysical processes of natural dynamics and anthropogenic activities. In this study, we 820 

proposed a direct estimation approach to advance our capability of estimating high-quality and 821 

high-resolution surface albedo from 10-m Sentinel-2 satellites. Our results demonstrate that 822 

Sentinel-2 can accurately capture surface albedo and strongly agree with the 3-D DART 823 

simulations, ground measurements, and the MODIS satellite product across the site, regional, and 824 

global scale. The pilot study demonstrates the promise of integrating the proposed approach with 825 

Sentinel-2 to map large-scale surface albedo at a 10-m spatial resolution and capture fine-scale 826 

characteristics of surface dynamics. This will enhance Sentinel-2 data science, facilitate higher 827 
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resolution surface energy balance mapping, monitoring, and modeling, and contribute to global 828 

change research. 829 
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