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Abstract 

Accurate surface albedo parameterization is critical for modeling Earth’s energy balance, 

yet many schemes rely on static look-up tables or semi-empirical formulations that fail to 

capture spatiotemporal variations and complex radiative interactions. This study develops 

a physics-informed machine learning parameterization using 19 years (2003–2021) of 

MODIS BRDF data to predict direct and diffuse albedo in visible and near-infrared bands 

across major land cover categories (LCCs). The framework leverages ten biogeophysical 

predictors, including solar geometry, vegetation state, soil moisture, soil texture, 

topography, and background climate. It comprises a dynamic component resolving 

physical spatiotemporal patterns and a static correction, the Surface Albedo Localization 

Factor (SALF), which accounts for subgrid heterogeneity, together explaining most 

observed variability. The parameterization shows strong agreement with MODIS albedo 

(overall R² = 0.81, MAPE = 0.08), with performance ranging from R² = 0.72 in diffuse 

visible to R² = 0.89 in diffuse near-infrared, and generally higher accuracy in the near-

infrared part. It performs well across diverse LCCs, including grasslands, shrublands, 

croplands, and challenging barren regions where empirical methods underperform. SALF 

improves accuracy across all albedo parts (average R² increase of 0.11 and MAPE 

reduction of 0.025). Feature importance analysis highlights solar zenith angle and leaf area 

index as dominant dynamic drivers, with soil texture and topography shaping static 

variability. Counterfactual experiments confirm biophysically consistent albedo responses, 

enhancing interpretability and model trust. This framework offers a physically grounded 

alternative to empirical schemes and holds strong potential for integration into Earth 

system models to improve surface energy exchange representation. 
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Chapter 1. Introduction 

Land surface albedo is the fraction of incoming solar radiation reflected by the Earth's 

surface. It critically regulates the surface energy balance by determining the amount of 

solar energy available for absorption. This control over energy partitioning affects both 

sensible and latent heat fluxes, which in turn influence surface temperature and soil 

moisture dynamics. These changes directly modify soil and plant canopy microclimates, 

with cascading effects on ecosystem processes including photosynthesis, 

evapotranspiration, and carbon cycling (Bala et al., 2007; Chapin et al., 2005; Kim et al., 

2020; S. Wang & Davidson, 2007; Zhu & Zeng, 2015). At larger scales, albedo-mediated 

processes govern local and regional energy and water budgets while, through atmospheric 

feedback and teleconnections, influencing broader circulation patterns, hydrological 

cycles, and weather systems (Betts, 2000; Shuai et al., 2020; X. Zhang et al., 2022). The 

parameter's climate sensitivity is particularly notable; even small albedo errors (0.02-0.05) 

can generate significant biases in energy and hydrological budgets, especially at regional 

scales (Z. Wang et al., 2018; J. Yang et al., 2022). This sensitivity underscores albedo's 

essential role as a key parameter in both global and regional weather, climate, and Earth 

system models. 

Surface albedo is governed by a complex interplay of solar geometry, soil, 

vegetation, and topographic factors, each introducing distinct yet interconnected 

influences. Solar geometry, including parameters such as solar zenith and azimuth angles 

(F. Yang et al., 2008; Z. Zheng et al., 2017), interacts with surface characteristics through 

complex radiative transfer processes. At the surface, soil characteristics exert substantial 

control over reflectance, with key determinants including water content (K. Wang et al., 
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2005), mineral composition (Baumgardner et al., 1986), surface roughness (Matthias et al., 

2000), particle size distribution (Sadeghi et al., 2018), and soil color (Post et al., 2000). 

Vegetation adds another layer of complexity, with factors such as leaf area index 

(Alibakhshi et al., 2020), canopy architecture (Nath & Ni-Meister, 2021), plant functional 

types (Leonardi et al., 2015), and the physiological and phenological states of plants (Halim 

et al., 2019) all contributing to dynamic changes in surface reflectance. Spectrally, green 

vegetation absorbs strongly in the visible range (0.4–0.7 µm) for photosynthesis, while 

reflecting and transmitting in the near-infrared (0.7–4.0 µm) because of high scattering by 

leaf tissues (Scott et al., 1968), necessitating models to distinguish between direct (Dir) 

and diffuse (Dif) albedos in visible (Vis) versus near-infrared (Nir) bands (Liang, et al., 

2005b). Finally, topographic features, such as slope, aspect, and elevation (Hao et al., 2018; 

Ryu et al., 2008), and landscape heterogeneity, affect spatial variability in solar radiation 

interception and reflection.  

Given the diverse and interdependent controls on surface albedo, from atmospheric 

conditions and topography to vegetation structure and soil properties, accurately resolving 

its dynamics in large-scale numerical models remains a major challenge. Many of these 

factors operate at spatial and temporal scales far finer than model resolutions, involving 

complex and scale-dependent interactions (e.g., pointwise vs. regional, diurnal vs. 

seasonal) that are not explicitly represented. As a result, land surface models (LSMs) rely 

on simplified albedo parameterizations, often through static lookup tables, empirically 

fitted equations, or limited treatment of key variables. These approaches fail to capture the 

full complexity of surface–radiation interactions and introduce considerable uncertainty 

into climate predictions (D. Xiao et al., 2011; Z. Zheng et al., 2015). Table S1 summarizes 
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surface albedo representations in major LSMs worldwide. For example, CLM5 and 

HTESSEL assign fixed soil color classes or background maps, offering limited sensitivity 

to soil moisture or solar zenith angle, while Noah-MP applies basic wetness adjustments 

but neglects angular dependence in bare soil reflectance. Vegetation albedo in models like 

ORCHIDEE and JSBACH is derived from static LAI or land types, limiting the ability to 

represent seasonal, structural, or physiological changes. Even models that use two-stream 

radiative transfer (e.g., JULES, CLM5) simplify canopy geometry and parameterization, 

resulting in biases under variable illumination or varying vegetation density. Consequently, 

improving albedo parameterizations is essential for reducing land–atmosphere coupling 

errors and enhancing the reliability of weather and climate predictions across spatial and 

temporal scales (Liang, et al., 2005b; Rotenberg & Yakir, 2010; Wei et al., 2016). 

Numerous studies have developed albedo parameterization schemes for various 

LSMs by conducting near-surface observation experiments. These efforts have focused on 

collecting radiation and albedo data under diverse surface conditions across different 

regions (Guan et al., 2009; Kala et al., 2014; Sugathan et al., 2014; H. Wang et al., 2024; 

G. Zheng et al., 2018; Z. Zheng et al., 2015). While these studies offer valuable insights 

into albedo dynamics under specific conditions and enhance model performance, their 

findings are often not transferable or adequately tested across diverse regions and climatic 

zones. The spatial heterogeneity and temporal variability of surface properties pose a 

significant challenge in developing globally applicable parameterization schemes solely 

based on local measurements. To address these limitations, satellite data have become 

indispensable for albedo parameterization at regional and global scales, providing 

consistent, high-resolution, and spatially extensive datasets. In particular, the Moderate 
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Resolution Imaging Spectroradiometer (MODIS) measurements facilitate the accurate 

retrieval of direct and diffuse albedo for visible and near-infrared using a semi-empirical 

kernel-driven Bidirectional Reflectance Distribution Function (BRDF) model with multi-

date, multi-spectral, cloud-free, atmosphere-corrected surface reflectance (Lucht et al., 

2000). They are crucial to capture surface reflectance across a wide range of land types and 

climates, track seasonal and interannual variability, and support the development of 

scalable, globally applicable parameterization schemes. This capability effectively 

overcomes the constraints of localized observations (Jin et al., 2011; Liang, et al., 2005b; 

Rechid et al., 2009). Therefore, satellite remote sensing remains the only practical means 

of routinely generating regional or global albedo datasets.  

Liang, et al., (2005b) successfully demonstrated the use of satellite data for detailed 

albedo parameterization. However, that study focused only on the CONUS domain and 

was limited to three years of available MODIS data. Building on their foundation, with the 

availability of more comprehensive data, this study develops a globally applicable 

parameterization for snow-free land surface albedo using a physics-informed machine 

learning (ML) approach. This framework improves albedo representation in numerical 

models by leveraging 19 years of MODIS BRDF data (2003–2021) and incorporating 

additional key variables previously unconsidered. It provides separate parameterization 

models for different land types and albedo parts, distinguishing direct and diffuse radiation 

across visible and near-infrared parts. By integrating physical principles with ML, the 

framework effectively captures non-linear relationships between albedo and key drivers 

such as solar zenith angle, soil moisture, texture, topography, and vegetation. This results 
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in a more robust and accurate albedo representation that is generalized for global 

applications. 
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Chapter 2. Physical Processes Governing Land Surface Albedo 

Capturing the full complexity of the physical interactions that influence land surface albedo 

dynamics remains a significant challenge. To address this, we focus on ten key parameters 

chosen based on three criteria: (1) their well-established importance in controlling albedo 

dynamics, as supported by multiple studies; (2) their global data availability at high spatial 

and temporal resolution; and (3) their inclusion as output variables in most land, weather, 

and climate models. This selection strategy ensures that the new parameterization is both 

physically robust and practically applicable across different modeling systems. For each 

parameter, we systematically examine its dynamic role, the underlying physical processes 

it represents, and its relative contribution to albedo variability. Together, these analyses 

provide a solid foundation for incorporating these parameters into the proposed 

parameterization scheme. 

Building on the methodology of Liang, et al., (2005b), we develop distinct albedo 

models for each LCC, recognizing that broad-scale vegetation categories exhibit unique 

albedo dynamics. The physical processes discussed in this section represent general 

interactions governing the surface, and they vary substantially across LCC, seasons, and 

biomes. While these principles establish a conceptual foundation for understanding albedo 

dynamics, they do not constitute a universal parameterization framework, as specific 

relationships may differ or become negligible under varying environmental and surface 

conditions. 

Among these governing factors, solar geometry emerges as a primary driver of 

albedo variability. Numerous studies highlight the dominant role of solar zenith angle 
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(SZA) in driving diurnal albedo variations for bare soils, often surpassing soil moisture in 

influence across arid and semi-arid regions with low soil moisture (Liang, et al., 2005b; H. 

Liu, Wang, et al., 2008; Roxy et al., 2010; F. Yang et al., 2008; Z. Zheng et al., 2017). For 

vegetated surfaces (e.g., croplands, grasslands, forests), SZA further modulates 

interactions with plant morphology and leaf structure, governing light interception and 

scattering dynamics (H. Liu, Tu, et al., 2008; H. Wang et al., 2021). The solar azimuth 

angle (SAA) also plays a critical role in albedo modulation over complex terrain, where 

combined SZA and SAA effects dictate shadow orientation, sub-grid solar radiation 

patterns, and surface-terrain interactions. This topographic sensitivity is prominent in 

mountainous regions, where shadowing alters solar radiation distribution and albedo.  

Beyond solar geometry, surface soil moisture content (SMC) is a critical driver of 

surface albedo. Empirical studies consistently demonstrate an exponential decrease in 

albedo with increasing SMC, as wet soils exhibit lower reflectance due to enhanced light 

absorption by water-filled pores and reduced surface scattering (Guan et al., 2009; Z. Li et 

al., 2019; H. Liu, Wang, et al., 2008; K. Wang et al., 2005). This relationship is more 

evident in arid and semi-arid regions, where low baseline soil moisture amplifies the albedo 

sensitivity to even minor SMC changes (Lobell & Asner, 2002; Roxy et al., 2010). SMC 

varies substantially in both space and time, and its relationships with albedo can manifest 

as a linear decrease, exponential decline, or constant value beyond a saturation threshold, 

depending on the local SMC range. 

Horizontal extent and vertical density can characterize vegetation canopy (Liang, 

et al., 2005a), quantified respectively by the fractional vegetation cover (FVEG) and the 

Leaf Area Index (LAI). LAI, defined as half the total green leaf area per unit of horizontal 
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ground surface area (Fang et al., 2019), represents the vertical structure of the canopy. In 

this study, FVEG is used to weigh the relative contributions of bare and vegetated surfaces, 

while LAI plays a vital role in modulating canopy albedo. This influence stems from 

vegetation’s ability to alter canopy structure and radiation interception dynamics (Loew et 

al., 2014; W. Yang et al., 2006). The relationship between LAI and albedo is both inverse 

and nonlinear in the visible spectrum: albedo typically decreases with increasing LAI due 

to greater absorption of visible light by chlorophyll. Still, it asymptotically approaches a 

lower bound at higher LAI values as canopy saturation limits further absorption. In 

contrast, in the Nir part, albedo generally increases with LAI due to enhanced scattering by 

leaf cell structures (Tian et al., 2000). This relationship varies by vegetation type and 

season, with the strongest coupling observed during growing seasons when vegetation is 

most photosynthetically active (Y. Li et al., 2016; L. Wang et al., 2022). In sparse 

vegetation or early growth stages, albedo is highly sensitive to LAI changes due to the large 

contrast between vegetation and background soil reflectance (Rechid et al., 2009). 

However, as LAI exceeds 3, additional leaf layers have diminishing effects on albedo due 

to canopy saturation (Hollinger et al., 2010). 

While SZA, SAA, SMC, and LAI represent time-dependent drivers of albedo, static 

factors such as geographic location and soil properties also play a critical role. Latitude and 

longitude are frequently used as proxies to capture geographic influences on albedo, 

including regional climate patterns and solar geometry variations (Alibakhshi et al., 2020; 

Hovi et al., 2019; Lukeš et al., 2014; Post et al., 2000). However, knowledge learned from 

specific geographic coordinates of limited data grids cannot be generalized globally. Thus, 

we deliberately excluded grid coordinates to avoid confounding the physical relationships 
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driven by local surface characteristics. Soil properties, including color (Galvdo, 1997; Post 

et al., 2000), surface roughness (Cierniewski et al., 2015; Matthias et al., 2000), and 

composition (e.g., silt, clay, sand content), further modulate albedo through their impact 

on light scattering and absorption. Additionally, subsurface attributes such as soil horizons, 

bedrock mineralogy, and geochemical characteristics (e.g., pH, salinity, and cation 

exchange capacity) indirectly influence albedo by altering soil moisture retention and 

organic matter distribution. To systematically account for geographic variations without 

explicitly specifying latitude and longitude, we incorporate soil texture (STX) as a 

categorical variable, classifying soils based on their physical composition (see Data section 

for dataset details).  

Topography critically modulates albedo dynamics through elevation-driven land 

cover transitions and terrain-induced radiative effects (Hao et al., 2019). Higher elevations 

at low latitudes often shift vegetation from forests to grasslands, shrublands, or snowpack, 

increasing surface albedo (Friedl et al., 2002). Topographic variables (such as elevation 

(DEM), slope (SLP), and aspect (ASP)) shape microclimates, land cover, and ecological 

patterns (Bueno de Mesquita et al., 2018; Scherrer & Körner, 2011). However, the 

relationship between albedo, elevation, and regional climate remains understudied (Hu & 

Boos, 2017). Rugged terrain, covering ~24% of Earth’s land surface, introduces anisotropic 

reflectance because of slope, aspect, and elevation, creating relief shadows and observation 

masking (Wen et al., 2022). These effects often stem from subgrid-scale heterogeneity that 

cannot be explicitly resolved in large-scale models. In this study, such small-scale 

influences are indirectly accounted for using bulk topographic parameters. 
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In forested regions with minimal soil exposure and stable year-round vegetation 

cover, meteorological variables such as near-surface relative humidity (R2M) and 

temperature (T2M) strongly influenced albedo dynamics by modulating leaf optical 

properties and canopy water content (H. Wang et al., 2024; X. Z. Zhang, 2012; Zhao et al., 

2014). These variables also enable differentiation of microclimates and biotic 

heterogeneity within broad LCCs, for example, distinguishing albedo patterns between 

temperate and tropical evergreen forests, where divergent humidity and thermal regimes 

alter canopy structure and spectral signatures. 

Following Liang, et al., (2005b), the albedo parameterization developed here 

integrates both dynamic and static drivers of surface reflectivity. Dynamic factors include 

solar geometry (SZA, SAA), soil moisture (SMC), and vegetation (LAI), which influence 

albedo variability from diurnal to interannual scales. Static factors such as soil texture 

(STX), meteorological (R2M, T2M), and topographic features (DEM, SLP, ASP) establish 

the baseline surface reflectance. We included the meteorological variables to capture 

microclimatic effects on canopy and soil optical properties. The next section outlines the 

data sources, resolution, and preprocessing methods used to incorporate these variables 

into a unified albedo modeling framework. 
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Chapter 3. Data 

MODIS MCD12C1 Version 6.1, a dataset providing annual global land cover 

classifications at a 0.05° spatial resolution (~5.6 km), derived from the 500-meter 

MCD12Q1 product through spatial aggregation (Friedl et al., 2019; Sulla-Menashe et al., 

2019). The dataset incorporates multiple classification systems (such as UMD, LCCS, and 

BCG) with the International Geosphere-Biosphere Program (IGBP) scheme serving as the 

primary system (Loveland et al., 2000). The IGBP system categorizes landscapes into 17 

distinct classes, including forests, barren land, savannas, shrublands, grasslands, croplands, 

and urban areas, thereby capturing the unique dynamic signatures associated with various 

land types. Moreover, the dataset offers global coverage along with the percentage of land 

grid occupied by each class, a critical feature for our methodological approach (discussed 

later). We selected the MCD12C1 product over alternative land cover maps because of its 

compatible spatiotemporal resolution with the other datasets used in this study and its 

demonstrated overall accuracy of 73.6% (Sulla-Menashe et al., 2019). We omitted IGBP 

categories 0 (water) and 15 (snow and ice) from the analysis in this study to focus solely 

on the snow-free land surface albedo. 

The MODIS MCD43C1 BRDF/Albedo product (v061) provides essential surface 

albedo data, including directional hemispherical (black-sky) and bi-hemispherical (white-

sky) reflectance across two broad spectral bands: visible (0.3–0.7 µm) and near-infrared 

(0.7–5.0 µm) (Schaaf & Wang, 2021). We derive these parameters daily using MODIS 

observations. The albedo values are computed through spectral-to-broadband conversions 
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and can be represented using polynomial functions (Lucht et al., 2000). The BRDF model 

is mathematically expressed as: 

		𝛂𝐬,𝐛,𝛌 =$  
𝟑

𝐤'𝟏

𝐟𝐤,𝛌'𝐠𝟎𝐤𝐛𝐬 + 𝐠𝟏𝐤𝐛𝐬𝛉𝟐 + 𝐠𝟐𝐤𝐛𝐬𝛉𝟑+

𝛂𝐬,𝐝,𝛌 =$  
𝟑

𝐤'𝟏

𝐟𝐤,𝛌𝐠𝐤𝐰𝐬
 (1) 

where α denotes satellite-derived albedo; subscript b and superscript bs denote 

black-sky (direct beam) radiation, while subscript d and superscript ws represent the white-

sky (diffuse) radiation; 𝜆 is the spectral band; and 𝜃 is the zenith angle (in radian). gjkbs and 

gkws are the fitting coefficients from Table I of (Lucht et al., 2000). This model effectively 

captures surface anisotropy and enables accurate estimation of albedo under varying 

illumination conditions.  

A dedicated sub-module of the CWRF regional climate model (X.-Z. Liang et al., 

2012) computed the SZA and SAA, accounting for the Earth’s position and orientation to 

the sun. These angles fulfill two key roles: first, they facilitate the calculation of albedo 

from the bidirectional reflectance distribution function (BRDF); second, they serve as input 

features for the physics-informed ML parameterization.  

For SMC, we employed the ERA5-Land reanalysis dataset. This product offers an 

improved quality at finer spatial resolution of 0.1° (~9 km) compared to the driving ERA5 

product (~31 km) through direct assimilation of comprehensive surface air temperature and 

precipitation observations (Hersbach et al., 2020; Muñoz-Sabater et al., 2021). We selected 

ERA5-Land SMC because of its good accuracy (with correlations exceeding 0.8 against 

ground measurements), its superior performance relative to ERA-Interim (M. Li et al., 

2020; Pelosi et al., 2020), and its ability to capture diurnal variability. Specifically, we 
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utilized the volumetric soil water layer 1 data (0–7 cm, measured in m³/m³), acknowledging 

that topsoil conditions directly influence albedo while vertical diffusion processes connect 

surface moisture to deeper layers (Idso et al., 1975).  

For LAI, we utilized the GLASS dataset (Z. Xiao et al., 2016), derived from 

MODIS and AVHRR reflectance data. This dataset offers global coverage at 0.05° spatial 

resolution, with superior data quality and temporal consistency compared to alternatives 

like MOD15 and GEOV1 products (S. Liang et al., 2021). Additionally, GLASS LAI 

exhibits enhanced spatial integrity, particularly in tropical regions (J. Li & Xiao, 2020), 

and its performance has been validated against high-resolution LAI maps, yielding an 

RMSE of 0.79 and an R² of 0.81 (Z. Xiao et al., 2016).  

We used the Digital Soil Map of the World (DSMW) (Sanchez et al., 2003) to 

acquire the soil texture (STX) information. This comprehensive dataset, derived from the 

FAO-UNESCO Soil Map of the World at a 1:5,000,000 scale, categorizes soils into 117 

distinct types organized into 26 major soil groupings and six additional land units, yielding 

a total of 123 classes as defined by the DOMSOI attribute, which indicates the dominant 

soil or land unit in each mapping area. 

To account for topographic influences on albedo, we incorporated elevation, slope 

cosine, and the standard deviation of the sub-pixel aspect (which captures sub-grid 

anisotropy) as input features. These variables were sourced from the standardized global 

multivariate product provided by EarthEnv (Amatulli et al., 2018).   

To represent climate background effects on albedo, we incorporated long-term 

(2000-2020) daily climatology of near-surface air temperature (T2M) and relative humidity 

(R2M) from the ERA5-Land dataset as static features. Table 1 presents a summary of the 
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final spatial and temporal resolutions, along with the modifications made compared to the 

original resolution.  

Variable Data Source 
Original 
Spatial 

Resolution 

Original 
Temporal 
Resolution 

Final 
Spatial 

Resolution 

Final 
Temporal 
Resolution 

Land Cover 
(IGBP classes) 

MODIS MCD12Q1 
v6.1 0.05° Annual 0.05° Annual 

Surface Albedo 
(Black-sky & 
White-sky) 

MODIS MCD43C1 
v061 0.05° Daily 0.05° Daily 

Solar Zenith 
Angle (SZA), Solar 

Azimuth Angle 
(SAA) 

CWRF regional 
climate model 

(X.-Z. Liang et al., 
2012) 

0.05° 6 Hourly 0.05° 6 Hourly 

Soil Moisture 
Content (SMC) 

ERA5-Land 
Reanalysis 0.1° 6 Hourly 0.05° 6 Hourly 

Leaf Area Index 
(LAI) 

GLASS 
(MODIS/AVHRR) 0.05° 8-day 0.05° Daily 

Soil Texture 
(STX) 

Digital Soil Map of 
the World 

(DSMW/FAO-
UNESCO) 

1:5M scale Static 0.05° Static 

Topography 
(DEM, SLP, ASP) 

Global Multivariate 
Product (Amatulli et 

al. 2018) 
0.05° Static 0.05° Static 

Near-Surface Air 
Temperature 

(T2M) and 
Relative Humidity 

(R2M) 

ERA5-Land 
Reanalysis 0.1° Hourly 0.05° Daily 

climatology 

Table 1: Overview of key variables, their respective data sources, and spatio-temporal 

preprocessing steps applied to align datasets for parameterization development. 
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Chapter 4. Study Framework and Methodology 

The parameterization framework integrates two components: (1) Dynamic — an ML-based 

model trained on time-and-space varying (SZA, SAA, LAI, and SMC) and space-only 

varying (DEM, SLP, ASP, STX, T2M, and R2M) predictors to resolve physical albedo 

dynamics; and (2) Static — the surface albedo localization factor (SALF), a space-explicit 

but time-invariant correction to empirically approximate subgrid scale effects and 

unobserved local features. The ML model quantifies explicit albedo dependences on 

physical predictors that vary with space and/or time, while SALF provides geographic 

corrections to minimize residuals between modeled and observed albedo. This hybrid 

approach combines physics-informed ML prediction with empirical correction to enhance 

global albedo representation. 

4.1 Physics-Informed ML Dynamic Parameterization 

As we have already seen, albedo is governed by multiple factors, each of which exhibits 

complex, nonlinear interactions with strong spatial and temporal variability. Traditional 

parameterizations often simplify these interactions, relying on fixed empirical relationships 

or look-up tables that may fail to capture the full range of observed albedo behavior under 

different environmental conditions. To address these limitations, we employ a physics-

informed ML framework, which explicitly integrates knowledge of physical processes into 

the model design. In this context, “physics-informed” means that our selection of input 

variables is guided by established physical principles and prior research identifying key 

drivers of albedo variability, as mentioned in Section 2.  By choosing predictors grounded 

in process understanding, we ensure that the model does not merely capture statistical 
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correlations but learns relationships that reflect the underlying physics of land-atmosphere 

radiative exchanges. 

To model these complex, nonlinear relationships, we employ XGBoost (eXtreme 

Gradient Boosting), a supervised ML algorithm particularly well-suited for learning 

complex, nonlinear relationships and interactions among variables (Chen & Guestrin, 

2016). XGBoost builds an ensemble of decision trees in sequence, with each tree trained 

to correct the residual errors of its predecessors, allowing the model to capture intricate 

dependencies and threshold effects often seen in albedo dynamics, such as abrupt changes 

during snow melt or vegetation transitions. Compared to simpler models, XGBoost offers 

significant advantages for this study, including the ability to model nonlinear responses 

without requiring predefined functional forms, high computational efficiency suitable for 

large, high-resolution datasets, and built-in regularization techniques such as L1 and L2 

penalties that help prevent overfitting and enhance generalization across diverse LCCs. 

Due to these advantages, we avoided more complex, computationally expensive, and 

slower neural network methods.  Importantly, XGBoost also provides feature importance 

metrics, which enable us to assess the relative influence of each physical variable on albedo 

variability and ensure consistency with physical understanding. We also conducted a 

counterfactual analysis, which systematically identifies both local and global sensitivity to 

uncover the relationships the model has learned between predictors and outputs. This 

approach enhances our understanding of the nature of dynamical relationships and 

improves the model’s explainability. 
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4.2 Localized Static Bias Correction 

Despite capturing key drivers of albedo dynamics, the framework inherently omits factors 

such as soil roughness, plant species type, canopy height, and sub-story vegetation, etc. 

These elements are challenging to observe via satellite, frequently occur at sub-grid scales, 

and are difficult to predict in numerical models. Inspired by Liang, et al., (2005b), SALF 

addresses these gaps through regression-derived spatial corrections that minimize 

discrepancies between ML-predicted and observed albedo, offering a direct and realistic 

means to capture the geographic influence of surface characteristics not represented by the 

primary dynamic model. Notably, SALF varies with geographic location and the albedo 

part (i.e., direct beam versus diffuse radiation). While ML effectively models the dynamic 

albedo variations, SALF serves as a localized statistical correction that accounts for 

unresolved static effects specific to local surface characteristics. 

4.3 Machine Learning Approach 

The parameterization framework begins with data preprocessing and model training 

(Figure 1, Step 1). Direct and diffuse albedo for Vis and Nir bands were separately 

calculated at 6-hour intervals (00Z, 06Z, 12Z, 18Z) using MODIS BRDF kernel parameters 

(Equation 1) to capture diurnal and interannual variability. While the temporal sampling is 

limited to 6-hour intervals, the extensive spatial coverage ensures that the complete range 

of SZA is captured. High-confidence BRDF retrievals (QA = 0) are retained, and snow-

covered grids are excluded using MODIS snow fraction data to ensure data quality. The 

resulting dataset serves as ground truth for supervised ML training. 
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Figure 1. Schematic overview of the parameterization development methodology. The 

framework consists of four main steps: (1) Model training and prediction using XGBoost 

based on multiple predictive features for Pure grids in each LCC type; (2) Mosaic grid 

albedo estimation using weighted average of individual LCC models; (3) SALF calculation 

for each grid point by determining slope and intercept; (4) final albedo estimation. 

Our model inputs consist of ten predictors or input features that are all 

geographically distributed, divided into time-varying variables (SZA, SAA, LAI, SMC) 

and static variables (STX, R2M, T2M, DEM, ASP, and SLP). SZA, SAA, and SMC are 

provided at a 6-hour temporal resolution, while LAI, originally available at an 8-day 

resolution, is linearly interpolated to a daily scale assuming gradual variation. The time-

varying dataset spans 19 years (2003–2021), ensuring robust temporal coverage. Notably, 

the cosine of SZA is used as an input feature, consistent with its widespread use in existing 

albedo parameterization schemes. For STX, categorical vector data are assigned unique 



 

 26 

numerical values and converted into a raster format. To ensure consistency across the 

dataset, all variables are regridded to a 0.05° spatial resolution when not already at this 

scale. 

Due to the albedo's strong temporal persistence, random train-test splitting risks 

data leakage by allowing highly correlated samples to appear in both sets. While our model 

architecture is not explicitly temporal, we maintain temporal integrity through year-based 

splitting: training on 13 years, validating on 2006 and 2014 (with 5-fold cross-validation 

for hyperparameter tuning), and testing on four independent years (2004, 2008, 2012, 

2016). This approach prevents inflation of performance metrics that would occur if 

temporally adjacent samples were distributed across training and test sets.  

As previously mentioned, separate models are developed for each LCC. However, 

because an individual grid may contain varying fractions of multiple LCCs, we classify 

grids into two categories: Pure (100% coverage of an individual LCC) and Mosaic (mixed 

LCC). Model training is performed exclusively on Pure grids to minimize the complexities 

associated with mixed land cover and ensure robust learning for each LCC. In total, we 

train 60 distinct models, 15 for each LCC across four albedo parts (Dir_Vis, Dir_Nir, 

Dif_Vis, Dif_Nir). For a Mosaic grid, the final albedo is estimated by summing up the 

predicted values from individual LCC models, weighted by their fractional coverage within 

the grid (Figure 1, Step 2). 

Finally, the SALF is computed for each grid by fitting a linear regression between 

the model predictions and the observed albedo (Figure 1, Step 3). Consistent with the 

dynamic model development, we applied the same temporal partitioning (13 training years, 

2006/2014 for validation, and 2004/2008/2012/2016 for testing) to obtain SALF. The 
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regression process produces four global SALF datasets, one for each albedo part. The 

corresponding SALF corrections are then applied to all future model predictions, yielding 

the final albedo estimates (Figure 1, Step 4). 

4.4 Model Evaluation Metrics 

To assess the performance of our ML models of albedo parameterization, we employ two 

primary evaluation metrics: the coefficient of determination (R²) and the mean absolute 

percentage error (MAPE). 

R² measures how well a model explains the variation in the dependent variable (e.g., 

albedo). It ranges from 0, indicating no explanatory power, to 1, indicating the model 

perfectly accounts for all variability in the data. R² is computed using: 

𝐑𝟐 = /𝟏 −
∑  𝐧
𝐢'𝟏 (𝐲𝐢 − 𝐲5𝐢)𝟐

∑  𝐧
𝐢'𝟏 (𝐲𝐢 − 𝐲7)𝟐

8 (2) 

where n is the number of observations, 𝑦/	is the observed value, 𝑦5/ is the predicted 

value, 𝑦7	is the mean of the observed values. 

MAPE measures forecasting accuracy, offering an intuitive and scale-independent 

way to compare errors across datasets and models. It indicates the average prediction error 

relative to the observed values and is defined as: 

𝐌𝐀𝐏𝐄 =
𝟏
𝐧$  

𝐧

𝐢'𝟏

?
𝐲𝐢 − 𝐲5𝐢
𝐲𝐢

? (3) 
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Chapter 5. Results 

5.1 Comparison Between Model and Observations  

Figure 2 compares the model’s performance (R² and MAPE) for direct (Dir) and diffuse 

(Dif) albedo in visible (Vis) and near-infrared (Nir) bands against MODIS observations 

across LCCs. These results are based exclusively on the testing dataset comprising Pure 

grids (the same type used for training) and are presented for the dynamic parameterization 

component, that is, before applying the static SALF correction. To aid comparison, similar 

LCCs have been grouped and their results discussed together below. 

 

Figure 2. The figure compares model performance for different LCCs, showing MAPE 

(navy solid bars) and R² (open bars). The four panels represent different albedo parts: (a) 

Dir_Vis; (b) Dir_Nir; (c) Dif_Vis; and (d) Dif_Nir. 

Forests 

Forests in this study fall into five classes: evergreen needleleaf (ENLF), evergreen 

broadleaf (EBLF), deciduous needleleaf (DNLF), deciduous broadleaf (DBLF), and mixed 

forests (MIXF). Model skill in the visible range is moderate. For Dir_Vis, R² spans from 
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0.49 in DNLF to 0.74 in DBLF, averaging 0.61 across forest types. Dif_Vis shows a slight 

drop, with R² between 0.46 and 0.68, while MAPE stays consistent at 0.12–0.15. In 

contrast, the near-infrared parts perform markedly better: Dir_Nir achieves a mean R² of 

0.82 and Dif_Nir 0.76, with MAPE generally below 0.08. 

These differences reflect both the amount and the quality of training data, as well 

as the natural variability of forest albedo. ENLF occupies only 1.6% of the Earth’s surface, 

with less than 5% of its grids classified as Pure. DNLF and DBLF are even rarer, covering 

just 0.2% (1% Pure) and 1.3% (9% Pure) of the globe, respectively (Figure S1). EBLF is 

more widespread, at about 5% of the surface and 60% Pure grids, yet its location in tropical 

and subtropical regions means frequent cloud cover, which limits high-quality BRDF 

retrievals. Snow cover in boreal and temperate needleleaf forests further reduces usable 

observations. 

Variability in the observations themselves also shapes performance (Figure S2). 

Direct albedo fluctuates more than diffuse because of diurnal solar geometry, and Nir 

albedo varies more than Vis. Evergreen forests, with their year-round leaf cover, show little 

interannual change, whereas deciduous forests—especially DBLF—display pronounced 

seasonal swings in direct albedo. On top of these patterns, structural differences in canopy 

geometry, species mix, forest density, leaf optical properties, and understory vegetation 

introduce additional complexity. Many of these features remain unmeasured, leaving parts 

of forest behavior beyond the reach of current dynamic models. 

Shrublands and Savannahs 

Shrublands, dominated by woody shrubs with sparse grasses, are prevalent in arid and 

semi-arid regions, while savannahs—grasses interspersed with scattered trees or shrubs—
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occupy tropical and subtropical zones with distinct wet/dry seasons. Together, these LCCs 

cover ~25% of the Earth’s surface (Figure S1). Closed Shrublands (CLSL, 0.2% coverage; 

10% Pure) and Open Shrublands (OPSL, 8.5% coverage; 35% Pure) exhibit strong model 

performance. CLSL achieves R² of ~ 0.80 across all albedo parts, while OPSL shows R² 

ranging from 0.63 (Dir_Vis) to 0.82 (Dif_Vis). Across all albedo parts, MAPE remains 

low, typically under 0.09. Savannahs, woody (WSVN) and non-woody (SVN) show 

minimal performance differences, with superior accuracy in the Nir parts (R² ≈ 0.77, 

MAPE ≈ 0.063) compared to the Vis parts (R² ≈ 0.61, MAPE ≈ 0.12), owing to Nir’s 

sensitivity to sparse woody cover and reduced soil reflectance interference. 

Grasslands (GRSL) 

GRSL, the largest vegetated LCC, covers 16.3% of the Earth’s surface (40% Pure) and 

exhibits high spatiotemporal heterogeneity in albedo dynamics. GRSL shows significant 

spatiotemporal heterogeneity in its albedo dynamics. This variability is reflected in higher 

standard deviations, particularly in the diffuse albedo, driven by seasonal fluctuations in 

soil exposure and vegetation density. Despite these challenges, the model achieves a robust 

R² of ~0.70 across albedo parts, with MAPE values of 0.12 (Vis) and 0.09 (Nir).  

Permanent Wetlands (PWET) 

PWET, characterized by persistent water-vegetation mixtures, covers 0.7% of the Earth’s 

surface, with only 5% of grids classified as Pure. The spectral signal in these areas is 

challenging due to the partial inundation and heterogeneous water-vegetation mosaics, 

causing overlap and mixing in reflectance characteristics. The model achieves moderately 

high accuracy, particularly in the Nir part (R²≈0.82), leveraging Nir’s sensitivity to 

vegetation-water interactions. Vis performance is lower (R²≈0.66), due to spectral overlap 
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between water and leaf reflectance. MAPE remains consistent across parts, averaging 

~0.077, indicating consistent model skill despite the complex spectral mixing and relatively 

sparse training data in these wetland areas. 

Cropland (CRPL), Urban (URBN), and Cropland-Vegetation Mosaics (CNVM) 

CRPL, the largest human-modified land type, covers 6% of the Earth’s surface (30% Pure) 

and exhibits the highest albedo variability across all categories due to pronounced seasonal 

agricultural cycles (sowing, growth, harvest). Models achieve robust performance (R² ≈ 

0.70), with MAPE of 0.12 (Vis) and 0.08 (Nir). CNVM (0.5% coverage) and URBN (0.3%) 

achieve exceptional accuracy (R² > 0.92, MAPE < 0.05), surpassing all other categories. 

These two categories exhibit moderate albedo variability, but their relatively uniform 

surface composition at the spatial resolution of 0.05 degrees contributes to consistent model 

performance. Cropland mosaics represent a mixture of cropland and natural vegetation, 

while urban areas consist primarily of concrete, asphalt, and scattered greenery. In 

particular, urban areas benefit from spectral similarity across cities globally at this 

resolution, which effectively masks finer-scale heterogeneity within the grid cells. 

Barren Land (BRN) 

BRN regions, characterized by <10% vegetative cover year-round, exhibit significant 

albedo variability due to diverse surface compositions, ranging from bright dunes in North 

Africa and Arabia to darker volcanic terrains in the Americas and Eurasia. Covering ~10% 

of Earth’s surface, these arid landscapes (sand flats, salt lakes, rocky outcrops) pose 

persistent challenges for albedo modeling, as global land-atmosphere models struggle to 

replicate observed spatial dynamics (Oleson et al., 2003; Pinty et al., 2000; Roesch et al., 

2002). Despite this complexity, the framework achieves relatively robust performance, 
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with an average R² ≈ 0.71 (peaking at 0.78 for Dir_Nir) and MAPE ≈ 0.11. This robustness 

is partly attributable to high-quality observational data: ~70% of BRN grids are Pure, and 

cloud-/snow-free conditions prevalent in arid regions enhance retrieval accuracy. 

Importantly, the inclusion of soil texture (STX) as a predictive variable significantly 

improved the model's ability to resolve spatial heterogeneity across these geologically 

diverse surfaces. 

Overall Model Performance Summary 

The parameterization achieves a global average R² of 0.73 and MAPE of 0.093 across all 

LCCs and albedo parts. Its performance varies substantially between spectral domains, 

driven by differences in surface structure, composition, temporal variability (e.g., standard 

deviation), and statistical factors such as data availability. These variations highlight that 

land-type-specific models can offer improved predictive power and interpretability by 

better capturing the unique biophysical characteristics of each ecosystem. The model 

performs significantly better in Nir parts (average R²: 0.77, MAPE: 0.072) than in Vis parts 

(average R²: 0.68, MAPE: 0.11).  

While models were trained exclusively on Pure grids, Mosaic-type grids (with 

multiple mixed LCC) dominate globally. As outlined in the Methods section, the Mosaic 

approach estimates albedo as a weighted average of predictions from individual Pure LCC 

models. For ease of comparison, the dominant LCC is assigned to each Mosaic grid (e.g., 

a grid is labeled GRSL if grasslands are dominant amongst all others).  
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Figure 3. Comparison of R² for each LCC type under different grid types, Pure  (blue bars) 

and Mosaic (red bars). To simplify interpretation, we assigned each Mosaic grid a dominant 

LCC (for example, a grid dominated by grasslands is labeled as GRSL). The four panels 

represent different albedo parts: (a) Dir_Vis; (b) Dir_Nir; (c) Dif_Vis; and (d) Dif_Nir. 

Despite the training being restricted to Pure grids, the Mosaic approach achieved 

robust predictive performance across all (dominant) LCCs (Figure 3). Averaged over all 

four albedo parts, the reduction in R² values compared to Pure category predictions ranged 

from 0.025 to 0.075 points, indicating that the loss in accuracy due to added heterogeneity 

is modest and expected. This performance decline is primarily due to the compositional 

complexity of Mosaic grids and the uneven distribution of Pure pixels across classes. In 

some LCCs, such as CNVM, URBN, and DNLF, fewer than 10% of the global pixels are 

Pure, meaning that the model had limited training exposure to the full heterogeneity of 

these classes. As a result, these categories may suffer from underfitting to unseen static 

features or overfitting to skewed samples. Importantly, these discrepancies are later 

corrected by the SALF correction step, which is incorporated for this exact reason.  
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Nevertheless, most LCCs often retained high R² scores even under the Mosaic 

configuration, suggesting a good degree of generalization and robustness in the 

parameterization. Interestingly, in certain classes, especially forest LCCs, the Mosaic 

approach sometimes improved performance, plausibly by cancelling LCC-specific biases, 

because these grids contain other LCCs that have better performance. This weighted 

averaging strategy enables stronger predictions from one LCC model to compensate for 

errors in another. The methodology is also beneficial in transitional zones like GRSL-SVN 

and GRSL-CRPL interfaces, where the LCC dataset is more prone to classification errors.  

Overall, the Mosaic method performed reliably even prior to SALF correction, 

demonstrating the strength of LCC-specific parameterization and its ability to generalize 

to heterogeneous landscapes. That the model, trained on a small fraction of the total grid 

space, delivers consistent results across globally diverse surfaces is a strong validation of 

the modeling framework's robustness. 

5.2 Performance Enhancement by Localized Correction 

The inclusion of SALF led to consistent improvements in model skill across all albedo 

parts and LCCs. These gains are driven by enhanced spatial representation of surface 

characteristics in the climatological albedo fields. All performance metrics discussed in 

this section are computed over the full set of grid cells, including both Pure and Mosaic 

types. Figure 4 and Supplemental Figure S6 illustrate the model performance metrics, R² 

and MAPE, respectively, before and after the implementation of the SALF component. For 

the actual magnitude difference between R² and MAPE, refer to Figures S3 and S4, 

respectively. 
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Figure 4. Comparison of changes in R² with the inclusion of SALF (solid dark green bars) 

for each LCC. The four panels represent different albedo parts: (a) Dir_Vis; (b) Dir_Nir; 

(c) Dif_Vis; and (d) Dif_Nir. Metrics are computed over all available grids, including both 

Pure and Mosaic grid types. 

Forest classes exhibited notable improvements, particularly in the diffuse albedo. 

The change in R² varied from 0.03 (DNLF – Dir_NIR) to 0.3 (EBLF – Dif_Nir), with the 

final R² exceeding 0.85 in the Nir albedo parts (Figure 4). Shrublands, both CLSL and 

OPSL, showed gains in R²  ranging from 0.05 to 0.1 points, except for the Dir_Nir part in 

OPSL, which had one of the highest gains of ~0.25 points (Figure S3). Overall, CLSL and 

OPSL achieved a MAPE reduction of 0.036 points (Figure S4). Both savannas (SVN and 

WSVN) showed similar performance, with final R² values ranging from 0.6 (Dif_Vis) to 

0.89 (Dif_Nir). Grasslands (GRSL) exhibited a negligible change in R² in the Dir_Vis part 

but showed a slight increase of ~0.15 in all other albedo parts, resulting in final values of 

~0.8 across all parts. Croplands (CRPL) consistently demonstrated gains across all albedo 

parts, with final R² values ranging from 0.78 (Dif_Vis) to 0.92 (Dif_Nir). High-performing 
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categories such as URBN and CNVM maintained strong performance, with R² values 

exceeding 0.90 after the SALF. SALF demonstrated significant improvements in barren 

regions (BRN), which have historically posed challenges for parameterization schemes. 

Following the implementation of SALF, these areas consistently achieved R² values 

exceeding 0.90 across all albedo parts.  These regions also exhibited the highest average 

increase in R² (Figure S3) and a large reduction in MAPE (Figure S4). This performance 

demonstrates SALF’s enhanced capability to capture substantial sub-pixel heterogeneity 

and spatial variability in albedo across deserts and semideserts—aspects that conventional 

approaches relying solely on static soil color or texture classifications fail to adequately 

represent.  

Averaged globally, R² increases by 0.11 (from 0.70 to 0.81), with the largest gain 

in Dif_Nir (+0.14, from 0.75 to 0.89) and the smallest in Dir_Nir (+0.08, from 0.80 to 

0.88). Among visible bands, Dif_Vis improves by +0.12 (0.60 → 0.72) and Dir_Vis by 

+0.10 (0.66 → 0.76). NIR parts consistently achieve higher final R² than VIS parts, with 

Dir_Nir (0.88) and Dif_Nir (0.90) outperforming Dir_Vis (0.76) and Dif_Vis (0.72). 

MAPE reductions mirror these trends, averaging –0.024 globally, with the largest 

decreases in Dir_Nir (–0.29) and Dir_Vis (–0.29), followed by Dif_Vis (–0.23) and 

Dif_Nir (–0.17). Since SALF preserves temporal structure, these improvements are 

attributable solely to its enhanced spatial parameterization of albedo climatology. 

5.3 Feature Importance  

XGBoost quantifies feature importance using three key metrics: Gain (accuracy 

improvement per split), Cover (number of affected samples), and Frequency (split usage 

rate). These metrics help identify the most influential features driving model predictions. 
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By developing separate models for each LCC, we uncovered unique combinations of key 

factors influencing albedo predictions (Figure 5). This approach not only enhances the 

interpretability of our ML models but also provides deeper insights into albedo dynamics 

and their interactions with surface characteristics when combined with counterfactual 

analysis (detailed in the next subsection). 

 

Figure 5. The heatmap illustrates the relative importance scores of different features across 

various LCC types for each albedo part: (a) Dir_Vis; (b) Dir_Nir; (c) Dif_Vis; and (d) 

Dif_Nir. Square markers represent the significance of each feature, with size indicating 

importance and color intensity representing the magnitude of importance scores. 

In evergreen forests (ENLF, EBLF), SZA and SAA strongly govern direct albedo 

(Dir_Vis/Nir), highlighting the fundamental control of solar geometry on canopy radiative 

transfer (Hollinger et al., 2010; Lukeš et al., 2013). Interestingly, despite their evergreen 

nature, these forests exhibit significant LAI variability - particularly pronounced in ENLF 

(0.5-5) compared to EBLF (2.0-5.0 m²/m²). This structural contrast leads to divergent 

albedo responses: in EBLF, where LAI is already high, additional foliage contributes little 
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to albedo modulation. In contrast, in ENLF, LAI emerges as a key predictor of Dir_Nir 

albedo, but not Dir_Vis, consistent with the findings of Alibakhshi et al., (2020). This 

decoupling reflects wavelength-specific photon-canopy interactions: chlorophyll and 

associated pigments drive strong absorption in the Vis, rendering Vis albedo largely 

insensitive to further changes in foliage density. Conversely, the Nir part, governed by leaf 

internal structure and inter-leaf scattering, is more responsive to canopy thickness and 

foliage arrangement (Gates et al., 1965). As a result, during the growing season when LAI 

variation is maximal, Nir albedo displays heightened sensitivity to structural dynamics, 

whereas Vis albedo remains relatively invariant due to photosynthetic saturation. 

(Hollinger et al., 2010) also observed that ENLF albedos lack clear seasonal patterns (e.g., 

spring increases or autumn declines), with mid-year albedo minima driven by summer solar 

elevation changes, consistent with the strong influence of the SZA identified in this study.  

LAI plays a more critical role for DBLF in the Vis parts, as evergreen forests tend 

to maintain stable canopy conditions throughout the year (Z. Liu et al., 2015). In DBLF, 

which are widespread across temperate regions such as the eastern United States, Europe, 

and East Asia, LAI exhibits pronounced seasonal fluctuations due to leaf emergence and 

senescence. These seasonal dynamics make LAI a primary driver of albedo variability in 

these regions. In contrast, DNLF shows a stronger sensitivity to near-surface temperature, 

especially in the Nir part. These forests are typically located in boreal regions, where annual 

temperature cycles are more pronounced. Prior studies, (e.g. Alibakhshi et al., 2020; 

Leonardi et al., 2015) have observed that albedo in DNLF regions fluctuates strongly with 

temperature, while LAI tends to have lower variability and importance. Additionally, SZA 

emerged as an influential factor in both DBLF and MIXF, emphasizing the role of solar 
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geometry in modulating albedo in these forest types. This effect likely arises from the 

horizontally extensive and structurally complex nature of broadleaf canopies, which 

contrasts with the vertically layered and more uniform architecture of needleleaf forests 

(Rago et al., 2021). 

CLSL are defined by dense woody vegetation (>60% canopy cover) with 

overlapping foliage, while OPSL have sparse cover (10–60%) and exposed soil gaps. Both 

consist of shrubs under 2 meters tall. CLSL covers only 0.4% of Earth’s land surface, 

whereas OPSL is widespread (~16%). For CLSL, STX, R2M, and DEM emerged as major 

static predictors, while LAI captures the dynamic variability. Elevation gradients further 

shape shrubland distribution: in low latitudes, land cover transitions from forests to 

grasslands/shrublands and eventually to barren/snow-covered terrain at higher elevations 

(Friedl et al., 2002). This pattern aligns with albedo trends observed over the Tibetan 

Plateau and South Asia, where elevation-driven microclimates alter surface reflectance (Hu 

& Boos, 2017). Static factors like topography and soil properties thus provide critical 

insights into regional albedo variability and ecosystem-climate interactions. 

Open shrublands (OPSL) exhibit albedo behavior like grasslands (GRSL), both 

characterized by herbaceous vegetation with minimal tree/shrub cover (<10%). These 

LCCs share significant geographical overlap and frequently co-occur in Mosaic grids, 

making them the most common pairing among all possible LCC combinations (Figure S5). 

Seasonal LAI changes drive nearly identical albedo patterns in these categories, as 

observed in East Africa, where LAI and albedo show a strong correlation of 0.8 (Abera et 

al., 2019). Annual LAI variability in OPSL and GRSL, linked to vegetation growth cycles, 

makes LAI the dominant predictor of albedo. Also, at the 0.05° resolution (~5 km), these 
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surfaces appear spatially homogeneous, and their frequent geographic overlap (e.g., 

transitional arid-to-grassland zones) further amplifies similarities in radiative responses. 

Savannahs (SVN) and woody savannahs (WSVN) differ in canopy structure and 

vegetation density. SVNs are characterized by 10–30% tree cover, with trees exceeding 2 

meters in height and a grassy understory. These systems transition to grasslands if woody 

plants diminish or to shrublands/forests if grasses disappear. WSVN, in contrast, features 

denser tree cover (30–60%) but retains a similar grassy layer. Phenological patterns vary 

regionally: SVN and WSVN in Australia and South America are predominantly evergreen, 

while African savannahs are largely deciduous, reflecting adaptations to seasonal rainfall 

(Hill et al., 2011). SZA and LAI dominate direct albedo predictions, while LAI and STX 

jointly drive diffuse albedo. 

Permanent wetlands (PWET) feature importance varies across spectral parts: SZA 

and LAI dominate direct albedo (Dir_Vis/Nir), while STX and elevation drive Dif_Vis 

albedo. LAI’s stronger influence in Nir parts arises from higher water absorption in these 

wavelengths compared to visible light. In wetlands (PWET), where water is abundant, this 

spectral sensitivity better distinguishes vegetation-water variations, improving LAI’s 

ability to predict albedo. 

SZA and LAI dominate direct albedo predictions in croplands (CRPL), where 

diverse crops and seasonal cycles pose challenges. LAI tracks crop growth phases, while 

SZA captures reflectance changes from phenology, bare soil, or post-harvest residues. 

Notably, CRPLs and GRSLs exhibit highly similar feature importance patterns. After the 

GRSL-OPSL pair, the GRSL-CRPL combination is the most frequent in mosaic pixels 

(Figure S5), underscoring their ecological and structural parallels—technically, cultivated 
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crops are grasses in terms of phenology and spatial uniformity. For Dif_Vis albedo, LAI 

remains the primary predictor. In the Nir part, LAI, soil STX, and SMC collectively 

contribute. SMC influence was limited, likely because downscaled reanalysis-derived 

SMC does not accurately capture variations from human-managed irrigation systems in 

croplands. Yet, CRPL showed SMC's highest relative contribution among all LCCs. CRPL 

albedo is also influenced by other factors, particularly crop type, which directly impacts 

dynamics. Unfortunately, global crop type data is unavailable, but we’ve explored crop-

specific albedo dynamics over the CONUS region, which will be discussed in subsequent 

papers.  

For Cropland-Vegetation Mosaics (CNVM), LAI alone governs albedo across all 

parts, reflecting its control over vegetation density and structure. In urban (URBN) areas, 

many features got relatively similar scores with no characteristic pattern. Static factors 

collectively have a greater contribution than dynamic factors, except in Dir_Nir, where 

SZA dominated.  

For BRN, static features like STX and topography (DEM, aspect, slope) were 

stronger predictors than dynamic features. This pattern aligns with our understanding of 

the complexities posed by barren areas in radiation and land interaction studies. As 

previously noted, these regions exhibit highly dynamic spatiotemporal albedo behavior, 

making it incorrect to classify them under a Pure category for radiation-based analyses. 

STX and topographic features aid in parametrizing and reducing variability in capturing 

diverse albedo signatures, aligning with methods validated in arid regions by 

(Tsvetsinskaya et al., 2006).  
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5.4 Counterfactual Analysis 

Counterfactual analysis is a model interrogation technique that evaluates how predictions 

respond to controlled changes in individual input variables while keeping all other features 

constant. It systematically probes both local and global sensitivity to reveal the 

relationships the model has learned between predictors and outputs. In this study, we 

perturbed three key dynamic predictors (SZA, LAI, and SMC) and examined how these 

controlled changes influenced predicted direct albedo (Dir_Vis and Dir_Nir). This enabled 

us to assess whether model responses align with established biophysical principles. While 

feature importance scores from XGBoost offer global insights into which predictors most 

strongly influence outputs, they do not reveal the directionality or plausibility of these 

effects. Counterfactual analysis complements feature importance by explicitly testing 

whether changes in these critical variables, for example, whether increasing LAI produces 

the expected decrease in Dir_Vis albedo due to canopy absorption, thereby enhancing both 

the interpretability and physical credibility of the model. The following discusses the 

implications of these counterfactual experiments and highlights the insights they provide 

into model behavior across different LCCs. 
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Figure 6. Counterfactual analysis of predicted Dir_Vis albedo to key biophysical 

parameters across 15 LCCs. Each panel shows the response of the XGBoost model 

predictions to perturbations in cos(SZA) for Dir_Vis albedo, with boxplots representing 

the distribution of predicted values. 

The relationship between direct Vis/Nir albedo and SZA can be explained by two 

competing radiative processes: (1) shadowing effects, which dominate at low sun angles 

(high SZA), and (2) multiple scattering within the canopy, which becomes increasingly 

important as the sun approaches zenith. The relative influence of these processes depends 

on canopy structure—particularly its density, heterogeneity, and gap fraction—leading to 

distinct albedo responses across LCCs. In closed-canopy forests (ENLF, EBLF, DBLF), 

where foliage is dense and vertically continuous, albedo decreases sharply at low sun 
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angles (SZA > 45o) as elongated shadows trap photons. However, once solar elevation 

increases, shadows shorten, and multiple scattering between leaves stabilizes reflectance, 

causing albedo to plateau rather than decline further (Figure 6). In contrast, open or 

structurally heterogeneous canopies (e.g., GRSL, OPSL) display a more linear decrease in 

albedo with increasing cos(SZA). These landscapes are characterized by shorter 

vegetation, higher gap fractions, and lower vertical complexity, which allow direct solar 

beams to illuminate the ground surface more uniformly across a wide range of sun angles. 

As SZA decreases, both shadowing and volumetric scattering play relatively minor roles, 

leading to a smoother angular response. Finally, sparse or discontinuous canopies (WSVN, 

SVN) along with some other LCCs display a rebound or slight increase in albedo near 

cos(SZA) ≈ 1 (sun at zenith). This bump could be attributed to enhanced illumination of 

the ground through canopy gaps and reduced horizontal shadow displacement.  

An intriguing aspect of albedo dynamics emerges when examining how LAI 

differentially affects the Dir_Vis and Dir_Nir albedo. In the Vis range, increasing LAI 

typically leads to a reduction in albedo due to enhanced absorption by chlorophyll-rich 

foliage, which supports greater photosynthetic activity (Figure 7). In contrast, in the Nir 

range, albedo often increases with LAI because leaves tend to reflect and transmit Nir 

radiation rather than absorb it. As LAI increases, multiple scattering among leaves becomes 

more prominent, enhancing the likelihood of Nir photons escaping the canopy and thereby 

raising albedo (Figure S9). 
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Figure 7. Same as Figure 6, but for LAI as the perturbed variable. 

Mixed forests (MIXF) present a more complex response. Here, direct Nir albedo 

initially decreases with increasing LAI but begins to rise again beyond a certain threshold 

(Figure S9). This non-monotonic relationship has been documented in temperate mixed 

forests, including findings by Alibakhshi et al. (2020), who reported a similar dip and 

subsequent rise in direct Nir albedo during the peak growing season. At very low LAI 

values (<1.5), the forest understory and ground surface—including soil, litter, or 

herbaceous vegetation—are partially exposed and contribute modestly to reflectance. In 

this regime, shadows cast by leafless trunks further suppress albedo. As LAI increases 

beyond this threshold, however, the canopy becomes sufficiently developed to enter a 
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scattering-dominated regime, in which the combined effects of leaf reflectance and 

multiple scattering enhance Nir albedo. 

Across most classes, the impact of soil moisture on albedo is modest—

approximately an order of magnitude weaker than effects from SZA or LAI. Nonetheless, 

a subtle decrease in Dir_Vis/Nir albedo with increasing SMC is observable in many 

ecosystems, reflecting the darkening effect of wetter soils (Figure S7 and Figure S8). 
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Chapter 6. Discussion and Conclusions 

This study develops a globally applicable, physics-informed ML parameterization of snow-

free land surface albedo using 19 years (2003–2021) of MODIS BRDF observations. The 

framework comprises two complementary components: a dynamic component, in which 

XGBoost models predict direct and diffuse albedo in the visible and near-infrared bands 

separately for 15 LCCs using ten biogeophysical predictors; and a static component—the 

surface albedo localization factor (SALF)—that applies spatially explicit corrections to 

account for subgrid heterogeneity and unobserved local influences. The predictors capture 

key controls on albedo variability, including solar geometry, vegetation state, soil 

properties, topography, and background climate. 

The parameterization shows strong agreement with MODIS albedo across all LCCs 

and albedo parts, with an overall R² of 0.81 and MAPE of 0.08. Accuracy is generally 

higher in the near-infrared band (up to R² = 0.89 for Dif_Nir) than in the visible band 

(minimum R² = 0.72 for Dif_Vis), and the model performs robustly even in challenging 

barren regions where empirical methods often underperform. Incorporating SALF 

improves the performance across all albedo parts, yielding an average R² gain of 0.11 and 

reducing MAPE by 0.024, underscoring its value in capturing localized and static 

heterogeneity, particularly in regions with complex surface characteristics or low temporal 

variability. 

A notable strength is the framework’s generalization: although trained solely on 

Pure grids (a minority of the global dataset), it performs remarkably well on Mosaic grids—

which dominate global coverage—demonstrating that the model has effectively learned the 

underlying albedo dynamics. Feature importance analysis enhances interpretability, 
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revealing that solar zenith angle (SZA) and leaf area index (LAI) dominate dynamic 

variability, while soil texture (STX) and topography govern static variability. Each LCC 

exhibits a distinct predictor signature consistent with its biogeophysical characteristics, 

providing a basis for targeted refinement and improved understanding of surface-

atmosphere interactions. Counterfactual experiments further validate the framework, 

showing physically consistent responses (e.g., increasing LAI reduces Dir_Vis albedo but 

increases Dir_Nir albedo due to vegetation absorption-scattering effects). 

Several important directions remain. We will (1) evaluate spatial variations in 

performance and map SALF distributions to identify subgrid patterns and LCC-specific 

dynamics; (2) demonstrate scalability across spatial resolutions (~5-100 km), addressing a 

major limitation of traditional schemes; and (3) show interoperability across different land 

classification systems (IGBP, USGS, UMD), mitigating classification dependence in land-

surface modeling. 

Future work will also expand the framework to snow-covered albedo regimes, 

which requires distinct parameterization of surface-radiative dynamics. Applying the 

framework in real-time land surface modeling within coupled modeling systems such as 

CWRF will enable assessments of its impact on energy balance, feedbacks, and climate 

responses. Additionally, targeted expansions for specific LCCs, such as croplands—where 

crop type, phenology, and management strongly influence radiation dynamics—will 

further enhance realism and applicability. 

By uniting physically informed machine learning with spatially adaptive 

corrections, this framework provides a scalable, interpretable, and operationally relevant 
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tool for representing land surface albedo in Earth system models from regional to global 

scales. 
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Supplemental Information  

Figure S1. The plots display the fraction of the grids belonging to the Pure and Mosaic 

types. Each bar is labeled with the overall percentage of land surface covered by the given 

LCC. 

 

 
Figure S2. Scatter plot showing the average standard deviation of observed albedo for each 

LCC type and albedo parts. 
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Figure S3. Scatter plot showing the change in percentage points of R² (R²SALF - R²XGB) with 

the inclusion of SALF for each LCC and albedo parts. 

 

 
Figure S4. Scatter plot showing the change in percentage points of MAPE (MAPEXGB - 

MAPESALF) with the inclusion of SALF for each LCC and albedo parts. 
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Figure S5: Frequency distribution showing the top 50 groups of Mosaic grids, highlighting 

the co-occurrence of certain LCCs with each other. 

 

Figure S6: Comparison of changes in MAPE with the inclusion of SALF (solid dark red 

bars) for each LCC. The four panels represent different albedo parts: (a) Dir_Vis; (b) 

Dir_Nir; (c) Dif_Vis; and (d) Dif_Nir. Metrics are computed over all available grids, 

including both Pure and Mosaic grid types. 
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Figure S7: Counterfactual analysis of predicted Dir_Vis albedo to key biophysical 

parameters across 15 LCCs. Each panel shows the response of the XGBoost model 

predictions to perturbations in SM for Dir_Vis albedo, with boxplots representing the 

distribution of predicted values. 
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Figure S8: Counterfactual analysis of predicted Dir_Nir albedo to key biophysical 

parameters across 15 LCCs. Each panel shows the response of the XGBoost model 

predictions to perturbations in SM for Dir_Nir albedo, with boxplots representing the 

distribution of predicted values. 
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Figure S9: Counterfactual analysis of predicted Dir_Nir albedo to key biophysical 

parameters across 15 LCCs. Each panel shows the response of the XGBoost model 

predictions to perturbations in LAI for Dir_Nir albedo, with boxplots representing the 

distribution of predicted values. 
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Figure S10: Counterfactual analysis of predicted Dir_Nir albedo to key biophysical 

parameters across 15 LCCs. Each panel shows the response of the XGBoost model 

predictions to perturbations in cos(SZA) for Dir_Nir albedo, with boxplots representing 

the distribution of predicted values. 
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Models Key Variables Parameterization Equations References 

CLM5 

 

(CESM2 -

NCAR) 

NorESM2 

(Norway) 

• Soil color class  
(20 classes) 
• Soil moisture (θ₁) 
• Solar zenith angle 
(μ) (for vegetation 
only)  
• LAI and SAI 
• PFT 
• Two-stream RTM 
• direct & diffuse  
• Vis & Nir  

Soil albedo: 
Direct beam: αsoi,"

# = αdry,"
# + Δ(θ$) 

 
Diffuse radiation: αsoi," = αdry," + Δ(θ$) 
 
Both includes soil wetness adjustment:    

Δ = 0.11 − 0.40θ$	 (if θ$ > 0) 
 
Lookup tables for each soil color class for dry and saturated 
conditions 
 
Vegetation albedo:  
- Two-stream RTM 
- PFT-based lookup tables 
- Separate albedo values for stem and leaf reflectance 

(Cenlin He 

et al., 2024; 

Lawrence et 

al., 2019) 

 

JULES 

(HadGEM/ 

UKESM) 

• PFT (5 categories) 
• LAI 
• Soil color 
• Solar zenith angle 
(μ) 
(for vegetation only)  
• Spectral albedo 
model (two-stream 
RTM) 
• direct & diffuse  
• Vis & Nir  

Two options for the albedo scheme 
1. Bulk albedo) α = α% ⋅ e&'( + α) ⋅ 11 − e&'(2 

-α%: Soil albedo (spatially varying with soil color). 

- α):  Maximum canopy albedo for dense vegetation. 
- k=0.5: Extinction coefficient. 
- L: Leaf Area Index (LAI). 
 
Lookup tables for each PFT 
 

2. Two-stream RTM 

Best et al. 

(2011) 

Sellers 

(1985) 

JULES 

Technical 

Note 

Noah-MP 

(WRF) 

• Soil moisture (θsoil) 
• LAI and SAI 
• Solar zenith angle 
(μ) 
• Sunlit fraction of 
the canopy 
• direct & diffuse  
• Vis & Nir  

Bare soil albedo:    
𝐶* = 0.11 − 0.4 ⋅ 𝜃soil	
𝛼dir = 𝛼sat + 𝐶* if 𝛼sat + 𝐶* < 𝛼dry otherwise  𝛼dry	
𝛼dif = 𝛼dir 
Lookup tables for different soil classes, dry, diffuse, and albedo 
parts 
 
Vegetation albedo: 
 Two-stream RTM 
- Absorbed flux depends on vegetation structure, solar zenith 
angle, and leaf optical properties 
- Three gap-fraction options: 
  1. Modified two-stream (3D canopy structure) 
  2. Grid average (gap = 0) 
  3. Vegetated fraction (gap = 1−fveg). 

(C. He et al., 

2023; Niu et 

al., 2011; Z.-

L. Yang et 

al., 2011) 

HTESSEL  

(EC-Earth) 

• Vegetation fraction 
(Ceff,L/H) 
• Soil texture (7 
types) 
• Soil color (9 types) 
• LAI  

Bare soil albedo: 
α+, = α,-./ ∗ 81 − 𝐶011,2 − 𝐶011,39 
time-dependent soil albedo anomaly 
α,-./ = α,-./,4(𝑖, 𝑗) + α56-75/8(𝑆𝑀(𝑡), 𝑡𝑒𝑥𝑡𝑢𝑟𝑒, 𝑐𝑜𝑙𝑜𝑟)	
α,-./,4= constant background map 
 

(Balsamo et 

al., 2009) 

https://jules.jchmr.org/sites/default/files/2023-06/JULES-HCTN-30.pdf
https://jules.jchmr.org/sites/default/files/2023-06/JULES-HCTN-30.pdf
https://jules.jchmr.org/sites/default/files/2023-06/JULES-HCTN-30.pdf
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Table S1: Overview of key variables and surface albedo parametrization approaches in 

state-of-the-art land surface models (LSMs) 

 

• Soil Moisture 
• Land categories (7 
types) 
• direct & diffuse  
• Vis & Nir  

Lookup tables for each albedo part 
 
Vegetation albedo: 
α90: = α90:2 ∗ 𝐶011,2 + α90:3 ∗ 𝐶011,3 	
Ceff,L/H = effective cover for low (L) and high (H) vegetation 

JSBACH  

(MPI-ESM) 

•PFT-specific 
albedo (10 types) 
• LAI 
• direct & diffuse  
• Vis & Nir  
 

1. Regression framework: 
αvis (𝑡) = 𝑓cover (𝑡) ⋅ αleaf,vis + 11 − 𝑓cover (𝑡)2 ⋅ αsoil,vis 	
αnir (𝑡) = 𝑓cover (𝑡) ⋅ αleaf,nir + 11 − 𝑓cover (𝑡)2 ⋅ αsoil,nir  

- 𝑓cover ≈ 𝑓apar ⋅ 11 − αleaf,vis 2	for Vis range. 
- Static maps were derived using MODIS white-sky albedo 
(MOD43C1) and fapar (MOD15A2) data (2001-2004) at 0.25° 
resolution 
 
2. Regression Coefficients: 
- Visible (Vis): 
αsoil,vis = 𝑏 (intercept)  

αleaf,vis =
𝑎 + 𝑏 − 1
1 + 𝑎

( slope 𝑎) 
 
- Near-Infrared (Nir): 

αsoil,nir =
αnir − 𝑓cover ⋅ αleaf, nir 

1 − 𝑓cover 
 

 
3. Special Cases: 
- Low variability:  
If  Δ(𝛼9.,) < 0.02	𝑜𝑟	Δ1𝑓5;5<2 < 0.05, 	𝛼,-./ = 𝛼/051	 
- Tropical adjustment: α,-./,6.< = 0.15	(dense tropical forest 
proxy) 
- High latitudes: Add 0.01-0.04 to albedo depending on latitude 
(e.g., +0.04 beyond  ) 

 

(Otto et al., 

2011) 

 

ORCHIDEE 

(IPSL-CM6A) 

•PFT-specific 
albedo (15 types) 
• Soil Color (9 types) 
• LAI 
• Vis & Nir  
 

1. Bare soil and Vegetation albedo for PFT patches: 

fracbs = M fracmax,pft

$=

pft>$

− M fracpft

$=

pft>?

	

albveg = fracbs ⋅ albbs + M fracpft

$=

pft>?

⋅ albleaf,pft 

2.  Composite grid albedo: 
albedo = fracveg ⋅ albveg + fracnobio ⋅ albnobio  
- Non-biological surfaces (bare soil) based on lookup tables and 
soil type  

 


