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Abstract 16 

Medium-resolution (10-100 m) satellite evapotranspiration (ET) products are rapidly 17 
advancing agricultural water resources research and management, but underperformance 18 
across non-agricultural land cover continues to limit broader hydrologic and ecosystem 19 
applications. These inconsistencies are often linked to model structure and representation 20 
of ET dynamics across space and time. In extensive natural ecosystems such as forests 21 
and shrublands, ET is primarily governed by equilibrium radiative energy exchange, 22 
whereas in croplands it is often enhanced by advective energy inputs. While select models 23 
represent these processes, recent intercomparison studies highlight persistent 24 
performance gaps across land covers. We hypothesize that model structure governing 25 
land–atmospheric coupling, rather than sensor limitations alone, remains a primary 26 
constraint on medium-resolution ET performance. 27 

Here, we introduce a diffusivity-independent equilibrium formulation free of conductance 28 
terms that conditionally incorporates aerodynamic enhancement when advection is 29 
expected. Landsat thermal and optical observations are integrated with gridded 30 
meteorological data within the presented Radiation Advection Diffusivity-independent ET 31 
(RADET) modeling framework to predict ET. Performance is evaluated using 145 in situ flux 32 
stations across the contiguous United States and intercomparisons with OpenET and 33 
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MODIS products. Results indicate that RADET achieves comparable performance to 34 
leading models in croplands while providing consistent improvements across natural 35 
ecosystems, including ~35% lower mean absolute error and sustained positive Nash-36 
Sutcliffe efficiency where ensemble models often showed reduced skill. Application of 37 
satellite-based equilibrium formulations with conditional transport enhancement enables 38 
computationally efficient generation of medium-resolution ET with robust cross-land cover 39 
performance, advancing research and operational applications emphasized in recent 40 
medium-resolution remote sensing initiatives. 41 

Keywords 42 

evapotranspiration, Landsat surface temperature, surface energy balance modeling, 43 
medium-resolution remote sensing 44 

Highlights 45 

• Introduced RADET, a Radiation Advection Diffusivity-independent ET framework 46 
• Produced 30 m daily and monthly ET estimates using Landsat and gridded 47 

meteorology 48 
• Comparable to OpenET in croplands with superior performance across natural 49 

ecosystems 50 
• Improved agreement relative to MODIS ET products across cropland and non-51 

cropland systems 52 
• Computationally efficient and operationally scalable  53 

 54 

1. Introduction 55 

Evapotranspiration (ET), the combined flux of plant transpiration and soil evaporation, is 56 
the second-largest terrestrial hydrologic flux after precipitation and often represents the 57 
dominant loss term in terrestrial water budgets (Oki and Kanae, 2006). It is a key variable 58 
that governs runoff, aquifer recharge, and water availability for ecosystems and society and 59 
serves as a central diagnostic variable for evaluating land-atmosphere interactions across 60 
scales (Wang and Dickinson, 2012). ET also serves as a key linkage among the water, 61 
carbon, and energy cycles (Gentine et al., 2019), and modulates weather and climate while 62 
reflecting soil moisture conditions that signal drought severity and changes in carbon and 63 
water fluxes (Katul et al., 2012). Because of these roles, accurate, spatiotemporally 64 
continuous ET mapping using medium- to moderate-resolution (~10-100 m to 250-1000 m) 65 
satellite imagery has substantial scientific and operational relevance, particularly as recent 66 
advances in satellite data availability, algorithm development, and cross-sensor 67 
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harmonization enable routine regional-to-global ET monitoring (Claverie et al., 2018; 68 
Crawford et al., 2023). Applications include defensible estimation of water availability and 69 
sectoral use, characterization of long-term climate variability and land-atmosphere 70 
processes, and improved agricultural and ecosystem management through drought 71 
monitoring and wildfire risk assessment (Fisher et al., 2017; Loveland et al., 2022; Radeloff 72 
et al., 2024; Seitzinger et al., 2026). 73 

Despite numerous satellite-based ET models and products being available, their 74 
widespread adoption for routine decision-making by water and land management 75 
agencies, farmers, and practitioners remains uneven across decision contexts (Kumar et 76 
al., 2024). Key barriers include operational constraints, coarse spatial resolution, and 77 
inconsistent performance across land cover types. MODIS-based moderate scale ET 78 
products, including MOD16 and PML-V2 (Mu et al., 2011; Zhang et al., 2019), are widely 79 
used for regional-scale assessments; however, their relatively coarse resolution (500 m) 80 
limits applicability for field- to small watershed-scale applications, and their performance 81 
is often reduced in croplands and wetlands (McCabe and Wood, 2006).  82 

OpenET is an operational medium-resolution Landsat-based ensemble ET product (Melton 83 
et al., 2022), which integrates six well-established remote sensing ET models, including 84 
eeMETRIC, ALEXI/DisALEXI, geeSEBAL, PT-JPL, SIMS, and SSEBop (Bastiaanssen et al., 85 
1998; Allen et al., 2007; Fisher et al., 2008; Anderson et al., 2012; Melton et al., 2012; 86 
Senay, 2018). Owing to its high public accessibility, medium-resolution (30 m), strong 87 
performance in croplands, and operational delivery through Google Earth Engine (GEE) 88 
cloud computing (Gorelick et al., 2017), OpenET is now widely used for agricultural water 89 
use assessments by federal, state, and local agencies, consulting firms, and farmers (Ott 90 
et al., 2024; Pearson et al., 2024; Huntington et al., 2025; Martin et al., 2025; Romera and 91 
Silver, 2025; Wobus et al., 2025). However, despite its demonstrated accuracy in 92 
croplands, OpenET ensemble performance remains more variable across structurally 93 
complex natural ecosystems (Volk et al., 2024; Reitz et al., 2025). In particular, OpenET 94 
models currently exhibit greater uncertainty and systematic positive bias in forested 95 
ecosystems, which can result in poor water balance closure in forest-dominated 96 
watersheds (Khand et al., 2025; Nassar et al., 2025). Consequently, OpenET applications 97 
remain predominantly agricultural, despite considerable potential for multidisciplinary 98 
research and water resource management, further motivating the need for medium-99 
resolution ET estimation approaches that are robust across diverse land cover types. 100 

 In many implementations, ET models scale instantaneous ET to daily and longer 101 
timescales as a function of reference ET (ETo), whereby increased atmospheric dryness 102 
enhances ETo through Penman’s aerodynamic term and, in turn, increases estimated ET 103 
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(Allen et al., 2005; Allen et al., 2007; Melton et al., 2012; Senay et al., 2013). Over irrigated 104 
croplands, atmospheric dryness often results from advection of warm, dry air from 105 
surrounding arid regions, leading to increased ET that can exceed locally available radiative 106 
energy (Rana and Katerji, 2000; de Bruin et al., 2016). In contrast, over natural landscapes 107 
where advective influences are weak, atmospheric dryness largely reflects reduced ET, and 108 
elevated ETo indicates suppressed rather than enhanced ET, consistent with the 109 
complementary relationship of evaporation framework (Bouchet, 1963; Morton, 1969; 110 
Brutsaert and Stricker, 1979), which has implications for ETo-based scaling approaches. 111 
This contrast helps explain strong model performance over croplands and degraded 112 
performance over extensive natural land covers where land–atmosphere coupling is 113 
strongest. Additional uncertainties arise from neglected biomass heat storage in tall forest 114 
canopies (Lindroth et al., 2010), errors in semi-empirical aerodynamic conductance, 115 
particularly over rough forest canopies where small surface-air temperature gradients 116 
render aerodynamic conductance the primary control on sensible heat flux (Trebs et al., 117 
2021), and the common assumption of constant evaporative fraction or ETo fraction when 118 
upscaling instantaneous ET to daily or longer time scales, which frequently breaks down 119 
(Crago and Brutsaert, 1996; Gentine et al., 2011; Cammalleri et al., 2014; Liu, 2021). 120 

2. Objectives 121 

Despite decades of satellite-based ET model development and continued advances in 122 
remote sensing observations, many opportunities for improvement in model structure and 123 
mechanics remain.  In some settings, parsimonious frameworks with little or no reliance on 124 
satellite inputs—such as complementary relationship and surface flux equilibrium 125 
theories—have been shown to achieve performance comparable to, or in some cases 126 
exceeding, that of more complex satellite-driven approaches (Comini de Andrade et al., 127 
2025; Thakur et al., 2025). This indicates that model structure assumptions governing land–128 
atmospheric coupling, rather than sensor limitations alone, remain a primary constraint on 129 
medium-resolution ET performance. 130 

Here we aim to accurately map ET at 30-m resolution across diverse land cover types while 131 
maintaining operational scalability. We introduce RADET (Radiation Advection Diffusivity–132 
independent Evapotranspiration), a physically–based model built on four elements: (1) a 133 
diffusivity-independent flux hypothesis that yields surface energy balance closure under 134 
advection-free conditions without requiring aerodynamic conductance parameterization; 135 
(2) direct estimation of daily ET from instantaneous satellite observations, avoiding 136 
constant evaporative fraction assumptions and minimizing canopy heat storage effects; (3) 137 
separate treatment of canopy and soil components to represent distinct stomatal and soil-138 
water controls; and (4) conditional inclusion of Penman’s aerodynamic term where 139 
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advection effects are expected. We apply RADET to Landsat imagery, gridded daily 140 
meteorology, and annual land cover data, and evaluate its performance against in situ ET 141 
data and widely used satellite ET products across the conterminous United States. 142 

3. Theoretical basis and model description 143 
3.1. The diffusivity-independent flux hypothesis 144 

Evaporation converts liquid water to vapor by consuming energy, generating a surface–air 145 
humidity gradient that drives vertical water vapor flux through turbulent mixing. Because 146 
aerodynamic conductance (ga) parameterizes turbulent transport efficiency, increased 147 
mixing is often assumed to enhance ET.  148 

However, at daily or longer temporal scales, land–atmosphere feedbacks regulate near-149 
surface humidity gradients, and ET may become weakly sensitive to changes in ga. 150 
Classical atmospheric boundary layer theory shows that, under spatially extensive and 151 
weakly advective conditions, ET approaches an equilibrium state independent of ga (Slatyer 152 
and McIlroy, 1961; Priestley and Taylor, 1972; McNaughton, 1976). Accordingly, several 153 
studies explicitly define equilibrium ET as the state in which ET is independent of ga 154 
(Monteith, 1965; Raupach, 2001). Similar assumptions arise in complementary 155 
relationship and Surface Flux Equilibrium (SFE) theory, which describe regimes where 156 
evaporation is constrained primarily by surface energy and thermodynamic feedbacks 157 
rather than turbulent transport (Morton, 1969; Brutsaert and Stricker, 1979; McColl et al., 158 
2019). Experimental evidence indicates reduced sensitivity of evaporation to wind speed 159 
under quasi-steady conditions (Davarzani et al., 2014).  160 

From a diffusion perspective, this behavior emerges from compensating adjustments 161 
between ga and the vertical humidity gradient: stronger turbulent mixing reduces the 162 
gradient, whereas weaker mixing allows it to increase, yielding near-invariant ET (over a 163 
sufficient time period) despite variations in transport efficiency (Brutsaert, 1982; Salvucci 164 
and Gentine, 2013; Kim et al., 2025). Analogous behavior occurs in chemical transport and 165 
reaction systems described by Damköhler-number analysis and Sherwood-number 166 
scaling, where fluxes become reaction- or energy-limited rather than turbulent transport-167 
limited (Levenspiel, 1999; Bird et al., 2002). Under such conditions, increases in mixing 168 
modify gradients but do not substantially increase total flux (Fig. 1). Consistent with this 169 
interpretation, the diurnal variability of ET is primarily controlled by incoming radiative 170 
energy rather than by aerodynamic mixing, a premise that underlies the common 171 
assumption of self-preserved ratios between ET and radiation in satellite-based ET models 172 
(Crago and Brutsaert, 1996). 173 
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Given these theoretical and empirical insights, daily ET under advection-free conditions 174 
can be approximated by 175 

𝜕𝜕𝜕𝜕𝜕𝜕
𝜕𝜕𝑔𝑔𝑎𝑎

≈ 0 (1) 176 

which we refer to as the Diffusivity-Independent Flux (DIF) hypothesis. DIF assumes that 177 
surface–air thermodynamic gradients associated with phase change govern evaporation, 178 
allowing ET to be expressed without explicit parameterization of ga. Importantly, this 179 
framework does not imply that turbulence or surface roughness are negligible; rather, their 180 
effects are implicitly embedded in the evolving humidity gradient when land–atmosphere 181 
coupling is strong.  182 

The primary exception occurs when surfaces remain near saturation beneath dry, advective 183 
air masses (Fig. 1). In these transport-limited regimes, such as irrigated cropland, open 184 
water, wetlands, or riparian zones, humidity gradients cannot adjust, and ET increases with 185 

ga (𝜕𝜕𝜕𝜕𝜕𝜕
𝜕𝜕𝑔𝑔𝑎𝑎

> 0). This behavior is consistent with the aerodynamic “drying power of the air” term 186 

in Penman’s combination equation (Penman, 1948; Brutsaert and Stricker, 1979), 187 
representing departures from equilibrium evaporation. 188 

 189 

Figure 1. Conceptual schematic of the diffusivity-independent flux (DIF) hypothesis. 190 
Evapotranspiration (ET) is represented as the product of aerodynamic conductance (ga) and 191 
vertical water vapor pressure difference (es-ea). Under advective conditions, increases in ga 192 
enhance ET through transport-limited exchange. Under advection-free conditions, 193 
enhanced turbulent mixing reduces the surface–air humidity gradient, leading to weak 194 
sensitivity of ET to ga (𝜕𝜕𝜕𝜕𝜕𝜕/𝜕𝜕𝑔𝑔𝑎𝑎 ≈ 0). The schematic illustrates the compensating 195 
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adjustment between transport efficiency and thermodynamic gradients that characterizes 196 
DIF behavior. 197 

3.2. Evapotranspiration under the DIF hypothesis 198 

Building on the thermodynamic invariance introduced above, the DIF constraint enables an 199 
analytical reduction of the combination equation into an equilibrium-limit form. Within this 200 
equilibrium framework, the DIF constraint acts as a thermodynamic constraint linking the 201 
combination-equation framework to equilibrium ET formulations (Monteith, 1965; 202 
Raupach, 2001). Substitution of Equation (1) into the Penman-Monteith (PM) equations 203 
yields equilibrium ET when the dependence of land surface temperature (LST) on ga is 204 
neglected, directly linking the diffusivity-independent constraint to classical combination-205 
equation theory. Raupach (2001) further introduced the concept of isothermal net radiation 206 
(Monteith, 1981) to eliminate explicit LST dependence from the PM formulation and obtain 207 
radiatively coupled equilibrium ET under the DIF constraint, which serves as the starting 208 
point for the present derivation. 209 

Building on this basis, we derive an ET formulation under the DIF hypothesis in Appendices 210 
A and B. While the formulation by Raupach (2001) retains an explicit dependence on ga, the 211 
present formulation removes this dependence by reintroducing surface temperature after 212 
application of the DIF constraint, such that ga no longer appears in the final expression. As 213 
a result, temperature difference between surface and air emerges as a diagnostic 214 
thermodynamic constraint on equilibrium ET. This reformulation is particularly 215 
advantageous for ET modeling, as LST is directly observable from satellite remote sensing, 216 
while near-surface air temperature (Ta) fields are widely available through multiple 217 
operational mesoscale meteorological modeling and data assimilation frameworks.  218 

Parameterizing surface water constraints using canopy conductance and soil relative 219 
humidity to represent stomatal conductance and soil surface water potential, respectively 220 
(Monteith, 1981; Kim et al., 2021), leads to distinct behavior under the DIF hypothesis (Kim 221 
et al., 2023). Accordingly, we adopt a two-source framework and apply the DIF assumption 222 
separately to canopy and soil. As derived in Appendices A and B, introducing the DIF 223 
assumption into the two-source surface energy balance yields the following analytical 224 
expression: 225 

𝐸𝐸𝐸𝐸𝐷𝐷𝐷𝐷𝐷𝐷 =
1
𝐿𝐿𝑣𝑣

[
∆𝑅𝑅𝑛𝑛𝑛𝑛
∆ + 𝜇𝜇𝑐𝑐𝛾𝛾�����
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

+
𝑅𝑅𝑅𝑅𝑠𝑠∆(𝑅𝑅𝑛𝑛𝑛𝑛 − 𝐺𝐺)
𝑅𝑅𝑅𝑅𝑠𝑠∆ + 𝜇𝜇𝑠𝑠𝛾𝛾�����������

]

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

(2) 226 

where ETDIF is daily ET under the DIF assumption (mm d-1); Lv is latent heat of vaporization 227 
(MJ kg-1); Δ is the slope of the saturation vapor pressure curve at Ta (kPa K-1); γ is the 228 
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psychrometric constant (kPa K-1); RHs is the relative humidity at the soil surface (kPa kPa-1); 229 
Rnc and Rns are canopy and soil net radiation, respectively (MJ m-2 d-1); G is the soil heat flux 230 
(MJ m-2 d-1); and Rns – G is available energy at the soil surface (AEs in MJ m-2 d-1). Equation (2) 231 
represents a reduced form of the combination equation under the DIF constraint rather 232 
than a new empirical closure. μc and μs emerge as nondimensional canopy and soil 233 
parameters from the DIF-constrained energy balance and quantify land-atmosphere 234 
coupling strength and associated radiative–thermal departure from isothermal conditions, 235 
obtained by solving the quadratic equations (details in Appendices A and B): 236 

𝜇𝜇𝑐𝑐 =
𝑅𝑅𝑛𝑛𝑛𝑛𝑛𝑛 + �𝑅𝑅𝑛𝑛𝑛𝑛𝑛𝑛2 + 4∆𝛾𝛾 𝑅𝑅𝑛𝑛𝑛𝑛(𝑅𝑅𝑛𝑛𝑛𝑛𝑛𝑛 − 𝑅𝑅𝑛𝑛𝑛𝑛)

2𝑅𝑅𝑛𝑛𝑛𝑛
(3𝑎𝑎) 237 

𝜇𝜇𝑠𝑠 =
𝐴𝐴𝐴𝐴𝑠𝑠𝑠𝑠 + �𝐴𝐴𝐴𝐴𝑠𝑠𝑠𝑠2 + 4𝑅𝑅𝑅𝑅𝑠𝑠∆𝛾𝛾 𝐴𝐴𝐴𝐴𝑠𝑠(𝐴𝐴𝐴𝐴𝑠𝑠𝑠𝑠 − 𝐴𝐴𝐴𝐴𝑠𝑠)

2𝐴𝐴𝐴𝐴𝑠𝑠
(3𝑏𝑏) 238 

where Rnci is isothermal net radiation at the canopy (MJ m-2 d-1), and AEsi is isothermal 239 
available energy at the soil surface (MJ m-2 d-1). These quantities represent the hypothetical 240 
radiative state that would occur if the surface temperature equaled air temperature 241 
(Monteith, 1981) and are expressed as follows: 242 

𝑅𝑅𝑛𝑛𝑛𝑛𝑛𝑛 = 𝑅𝑅𝑛𝑛𝑛𝑛 + 𝜌𝜌𝑐𝑐𝑝𝑝𝑔𝑔𝑅𝑅𝑅𝑅(𝑇𝑇𝑐𝑐 − 𝑇𝑇𝑎𝑎) (4𝑎𝑎) 243 

𝐴𝐴𝐴𝐴𝑠𝑠𝑠𝑠 = 𝐴𝐴𝐴𝐴𝑠𝑠 + 𝜌𝜌𝑐𝑐𝑝𝑝𝑔𝑔𝑅𝑅𝑅𝑅(𝑇𝑇𝑠𝑠 − 𝑇𝑇𝑎𝑎) (4𝑏𝑏) 244 

where Tc and Ts are canopy and soil radiative component temperatures derived from 245 
satellite LST (details in section 3.4.2; Appendix C); gRc and gRs are respective radiative 246 
conductances expressed in velocity units (m s−1) by normalizing the linearized longwave 247 
exchange with ρcp (details in Appendices A and B); ρ is air density (kg m-3); cp is specific 248 
heat capacity of dry air at constant pressure (MJ kg-1 K-1).  249 

The canopy component of ETDIF aligns with conventional equilibrium ET formulations 250 
(Slatyer and McIlroy, 1961), whereas the soil component resembles SFE ET (McColl et al., 251 
2019). A defining feature of the formulation is the emergence of μc and μs directly from the 252 
DIF-constrained energy balance rather than from prescribed conductances. μc and μs 253 
analytically reduce to unity when Tc=Ta and Ts=Ta, and exceed unity when Tc>Ta and Ts>Ta, 254 
thereby reducing ET through a thermodynamically consistent temperature-difference 255 
adjustment. Similar temperature-dependent constraints arise in alternative 256 
thermodynamic ET formulations, including Hamiltonian and maximum-entropy 257 
approaches (Liu et al., 2012; Kim et al., 2023; Pan et al., 2024), supporting the generality of 258 
the DIF hypothesis.  259 
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Notably, neither aerodynamic conductance nor surface conductance appears explicitly in 260 
Equation (2), even though the derivation begins with conductance-based formulations. 261 
Under the DIF hypothesis, together with satellite-derived surface temperature, the surface 262 
energy balance admits an analytical reduction in which aerodynamic and canopy surface 263 
conductances do not vanish physically but cancel algebraically under the DIF constraint, 264 
while remaining physically implicit through thermal gradients, yielding Equation (2) as a 265 
reduced form of the governing energy balance. Soil-surface relative humidity remains as a 266 
physical constraint but can be obtained by rearranging the soil evaporation equation (see 267 
Section 3.4.6; Appendix D), maintaining analytical closure without explicit conductance 268 
parameterization. Although μc and μs depend on radiative temperature derived from 269 
satellite LST, they implicitly represent conductance-related controls and are analogous to 270 
conductance or resistance adjustments commonly used in satellite-based two-source 271 
energy balance models (Norman et al., 1995). 272 

3.3. The RADET model 273 

Evapotranspiration regimes span a continuum between thermodynamically constrained 274 
equilibrium states and transport-enhanced conditions, motivating a formulation that 275 
retains the analytical structure of Equation (2) while accommodating aerodynamic forcing 276 
where appropriate. Under advective conditions, enhanced turbulent drying can shift 277 

evaporation away from equilibrium behavior (i.e., 𝜕𝜕𝜕𝜕𝜕𝜕
𝜕𝜕𝑔𝑔𝑎𝑎

> 0). In these regimes, Equation (2) 278 

represents the equilibrium limit and may underestimate ET where advective enhancement 279 
becomes significant relative to radiative control. As illustrated in Figure 1, advective 280 
enhancement over saturated surfaces represents a primary departure from equilibrium 281 

behavior. In Appendix E, we demonstrate that once 𝜕𝜕𝜕𝜕𝜕𝜕
𝜕𝜕𝑔𝑔𝑎𝑎

≠ 0 under advective conditions, 282 

retaining 𝜕𝜕𝜕𝜕𝜕𝜕
𝜕𝜕𝑔𝑔𝑎𝑎

 in the derivation yields an extended formulation that preserves the structural 283 

form of Equation (2) while adding an explicit aerodynamic term. 284 

Accordingly, we extend the ETDIF formulation through the Radiation Advection Diffusivity-285 
independent Evapotranspiration (RADET) framework, which conditionally incorporates 286 
Penman’s aerodynamic term (Penman, 1948), thereby recovering a reduced combination-287 
equation form consistent with classical Penman–Monteith lineage. 288 

𝐸𝐸𝐸𝐸𝑅𝑅𝑅𝑅𝑅𝑅 = 𝐸𝐸𝐸𝐸𝐷𝐷𝐷𝐷𝐷𝐷 + 𝛿𝛿𝐿𝐿𝐿𝐿𝛿𝛿𝑊𝑊𝑊𝑊𝑊𝑊
𝛾𝛾𝛾𝛾(𝑢𝑢)𝑉𝑉𝑉𝑉𝑉𝑉𝑎𝑎

∆ + 𝛾𝛾
 (5) 289 

where 𝛿𝛿𝐿𝐿𝐿𝐿  is a nondimensional parameter, representing a land cover modulation of 290 
aerodynamic enhancement, and 𝛿𝛿𝑊𝑊𝑊𝑊𝑊𝑊 is a nondimensional wetness parameter. Their 291 
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product activates Penman’s aerodynamic contribution, where f(u) is the empirical wind 292 
function and VPDa is the vapor pressure deficit at the reference height (kPa).  293 

Because the physically derived aerodynamic term of Penman (1948) represents enhanced 294 
turbulent drying associated with regional-scale advection (de Bruin et al., 2016), Equation 295 
(5) extends the DIF formulation into transport-influenced regimes while preserving the 296 
equilibrium-limit structure of Equation (2), such that aerodynamic forcing acts as a 297 
perturbation to the DIF equilibrium solution rather than introducing an independent 298 
conductance parameterization, maintaining consistency with equilibrium-based 299 
interpretations of land–atmosphere exchange rooted in complementary relationship theory 300 
(Brutsaert and Stricker, 1979; Brutsaert, 1982). Land cover classification, fractional 301 
vegetation cover, and soil moisture and temperature limitations represented through 𝛿𝛿 302 
parameters modulate the magnitude of aerodynamic enhancement under conditions 303 
conducive to advection. Further details on 𝛿𝛿 parameters and the wind function are 304 
provided in Section 3.4.8. 305 

3.4. Satellite derived parameters for RADET 306 

The analytical formulation introduced above is implemented using medium-resolution 307 
satellite remote sensing observations combined with gridded meteorological data. The 308 
present implementation focuses on Landsat observations and the gridMET meteorological 309 
dataset, although the framework is sensor-agnostic and transferable to other satellite 310 
sensors and meteorological products. 311 

3.4.1. Daily land surface temperature 312 

The instantaneous radiative land surface (skin) temperature observed by the Landsat 313 
satellite and the daily minimum air temperature (Ta,min) from gridMET are used to estimate 314 
the daily mean land surface temperature (LSTdaily). Here, land surface temperature is 315 
interpreted as the thermodynamic radiative temperature that links satellite observations to 316 
surface energy balance constraints, rather than as a bulk aerodynamic temperature 317 
(Brutsaert, 1982). Following common boundary layer assumptions, the minimum land 318 
surface temperature (LSTmin) is approximated as slightly lower than Ta,min, as frequently 319 
observed across various environments (Good, 2016), reflecting nocturnal radiative cooling 320 
under weak turbulent mixing.  321 

𝐿𝐿𝐿𝐿𝐿𝐿𝑚𝑚𝑚𝑚𝑚𝑚 ≈ 𝑇𝑇𝑎𝑎,𝑚𝑚𝑚𝑚𝑚𝑚 − 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 (6) 322 

The offset is set to 1 K, representing a small empirical adjustment rather than a universal 323 
physical constant. Next, the maximum land surface temperature (LSTmax) is estimated using 324 
a cosine-based diurnal reconstruction function (Göttsche and Olesen, 2001).    325 
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𝐿𝐿𝐿𝐿𝐿𝐿𝑚𝑚𝑚𝑚𝑚𝑚 = 𝐿𝐿𝐿𝐿𝐿𝐿𝑚𝑚𝑚𝑚𝑚𝑚 +
𝐿𝐿𝐿𝐿𝐿𝐿10𝑎𝑎𝑎𝑎 − 𝐿𝐿𝐿𝐿𝐿𝐿𝑚𝑚𝑚𝑚𝑚𝑚

cos (𝜋𝜋2 ∙
10 − 𝑡𝑡𝑚𝑚𝑚𝑚𝑚𝑚
𝑡𝑡𝑚𝑚𝑚𝑚𝑚𝑚 − 𝑡𝑡𝑚𝑚𝑚𝑚𝑚𝑚

)
(7) 326 

where LST10am is the Landsat satellite observed land surface temperature around 10:00; tmax 327 
is the peak time of land surface temperature, assumed to occur at 12:30, consistent with a 328 
representative clear-sky diurnal cycle; and tmin is the local sunrise time (i.e., time 329 
corresponding to LSTmin).   330 

The daily mean land surface temperature is then calculated as: 331 

𝐿𝐿𝐿𝐿𝐿𝐿𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 =
𝐿𝐿𝐿𝐿𝐿𝐿𝑚𝑚𝑚𝑚𝑚𝑚 + 𝐿𝐿𝐿𝐿𝐿𝐿𝑚𝑚𝑚𝑚𝑚𝑚

2
(8) 332 

If the estimated LSTdaily from Equation (8) is lower than the gridMET daily mean air 333 
temperature (Ta,daily), LSTdaily is set equal to Ta,daily to prevent unrealistically cold surface 334 
states under weak land–atmosphere coupling. 335 

The daily outgoing longwave radiation (LWout, MJ m-2 d-1) is computed using the Stefan-336 
Boltzmann law: 337 

𝐿𝐿𝐿𝐿𝑜𝑜𝑜𝑜𝑜𝑜 = 𝜀𝜀𝜀𝜀𝐿𝐿𝐿𝐿𝐿𝐿𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑4 (9) 338 

Here, LSTdaily is expressed in Kelvin and represents the radiative temperature governing 339 
longwave emission, 𝜎𝜎(= 4.901 × 10−9)  is the Stefan-Boltzmann constant (MJ K-4 m-2 d-1), 340 
and ε is emissivity from Landsat emissivity band. 341 

This approach was evaluated against in situ outgoing longwave radiation measurements 342 
from flux tower sites (Figure S1). The results indicate that the coefficient of determination 343 
(R2) exceeds 0.9 across all land cover types, with slopes near unity, indicating strong 344 
consistency between predicted and observed 𝐿𝐿𝐿𝐿𝑜𝑜𝑜𝑜𝑜𝑜.  345 

3.4.2. Daily canopy and soil surface temperature 346 

To apply the DIF formulation within a two-source energy balance framework, the daily 347 
radiative temperature is partitioned into canopy and soil components consistent with 348 
radiative transfer and surface energy balance constraints. We estimate the daily mean 349 
canopy surface temperature (Tc,daily) and soil surface temperature (Ts,daily) from LSTdaily. In the 350 
two-source energy balance (TSEB) framework, these temperatures at an instantaneous 351 
satellite overpass are related through the fractional vegetation cover observed at the 352 
sensor’s view angle (Norman et al., 1995). However, because our analysis is based on daily 353 
averaged LST, which represents the hemispheric outgoing longwave radiative temperature, 354 
we express this relationship using the daily longwave transmissivity (𝜏𝜏𝐿𝐿). Under the 355 
assumption of equal emissivity for canopy and soil surfaces, the daily mean radiometric 356 
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temperature can be expressed as the sum of the outgoing longwave radiation from the two 357 
components: 358 

𝐿𝐿𝐿𝐿𝐿𝐿𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑4 = (1 − 𝜏𝜏𝐿𝐿)𝑇𝑇𝑐𝑐,𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
4 + 𝜏𝜏𝐿𝐿𝑇𝑇𝑠𝑠,𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

4 (10𝑎𝑎) 359 

𝜏𝜏𝐿𝐿 = exp(−𝜅𝜅𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿) (10𝑏𝑏) 360 

where LAI is leaf area index, and 𝜅𝜅𝐿𝐿  is the extinction coefficient for longwave, set to 0.95, 361 
which is equivalent to the extinction coefficient for diffuse radiation (Kustas and Norman, 362 
1999).  363 

In Equations (10a) and (10b), both LSTdaily and LAI can be derived from Landsat optical and 364 
thermal observations (details in sections 3.4.1 and 3.4.5). However, Tc,daily and Ts,daily remain 365 
unknown unless an additional constraint is introduced. To address this, we introduce a 366 
constraint derived from the ETDIF (see Appendix C), which links canopy surface temperature 367 
to LSTdaily and Ta,daily. This additional constraint is expressed as follows: 368 

𝑇𝑇𝑐𝑐,𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 = 𝑇𝑇𝑎𝑎,𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 + 𝛽𝛽(𝐿𝐿𝐿𝐿𝐿𝐿𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 − 𝑇𝑇𝑎𝑎,𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑) (11𝑎𝑎) 369 

𝛽𝛽 =
𝑓𝑓𝑐𝑐

𝑓𝑓𝑐𝑐 + 𝜇𝜇𝑠𝑠
𝜇𝜇𝑐𝑐

∆ + 𝜇𝜇𝑐𝑐𝛾𝛾
𝑅𝑅𝑅𝑅𝑠𝑠∆ + 𝜇𝜇𝑠𝑠𝛾𝛾

(1 − 𝑓𝑓𝑐𝑐)
(11𝑏𝑏) 370 

𝑓𝑓𝑐𝑐 = 1 − exp(−0.4𝐿𝐿𝐿𝐿𝐿𝐿) (11𝑐𝑐) 371 

where β is a parameter that controls the degree to which canopy surface temperature 372 
departs from LSTdaily, and fc is canopy fraction and represents the fraction of net radiation 373 
absorbed by the canopy, estimated as in Equation (11c) (Norman et al., 1995). The 374 
parameter β acts as a weighting factor that adjust canopy temperature. When β 375 
approaches 1, the canopy surface temperature remains close to LSTdaily. Conversely, when 376 
β approaches 0, the canopy surface temperature converges to the overlying air 377 
temperature.  378 

We first estimate Tc,daily using Equation (11a) and then substitute the result into Equation 379 
(10a) to obtain Ts,daily. However, the resulting Ts,daily can occasionally become unrealistically 380 
high. To avoid this issue, we compute an upper bound for Ts,daily by assuming that the net 381 
radiation at the soil surface cannot be negative: 382 

𝜀𝜀𝜀𝜀𝑇𝑇𝑠𝑠,𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
4 ≤ 𝜏𝜏𝑆𝑆𝑆𝑆𝑆𝑆𝑛𝑛 + 𝜏𝜏𝐿𝐿𝐿𝐿𝐿𝐿𝑎𝑎𝑎𝑎𝑎𝑎 + (1 − 𝜏𝜏𝐿𝐿)𝜀𝜀𝜀𝜀𝑇𝑇𝑐𝑐,𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

4 (12) 383 

where 𝜏𝜏𝑆𝑆 is the daily shortwave transmissivity, SWn is the daily net shortwave radiation (MJ 384 
m-2 d-1) and LWatm is incoming longwave radiation MJ m-2 d-1.  385 
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If estimated Ts,daily violates Inequality (12), we set Ts,daily to its upper limit based on the right-386 
hand side of Inequality (12).  387 

3.4.3. Daily net radiation 388 

Consistent with the radiative skin-temperature framework introduced above, daily net 389 
radiation is derived from Landsat optical and thermal observations combined with gridded 390 
meteorological forcing. Daily net shortwave radiation (SWn) is expressed as: 391 

𝑆𝑆𝑆𝑆𝑛𝑛 = 𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖(1 − 𝛼𝛼) (13) 392 

where SWin is the gridMET daily incoming solar radiation (MJ m-2 d-1), and α is Landsat-393 
derived broadband albedo (Liang, 2001). The effective shortwave transmissivity follows 394 
Beer’s law:  395 

𝜏𝜏𝑆𝑆 = exp(−𝜅𝜅𝑆𝑆𝐿𝐿𝐿𝐿𝐿𝐿) (14) 396 

where 𝜅𝜅𝑆𝑆 = 0.56 represents a representative extinction coefficient across diverse 397 
ecosystems (Zhang et al., 2014). 398 

Incoming longwave radiation (LWatm) is estimated using the Stefan–Boltzmann law with an 399 
effective atmospheric emissivity:  400 

𝐿𝐿𝐿𝐿𝑎𝑎𝑎𝑎𝑎𝑎 = 𝜀𝜀𝑎𝑎𝑎𝑎𝑎𝑎𝜎𝜎𝑇𝑇𝑎𝑎,𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
4 (15𝑎𝑎) 401 

𝜀𝜀𝑎𝑎𝑎𝑎𝑎𝑎 = 𝜀𝜀 �1 − �1.35
𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖

𝑅𝑅𝑠𝑠𝑠𝑠
− 0.35� �0.34 − 0.14�𝑒𝑒𝑎𝑎�� (15𝑏𝑏) 402 

following Allen et al. (2005), where Rso is the calculated clear-sky radiation (MJ m-2 d-1) and 403 
Ta,daily is expressed in Kelvin. Daily mean air temperature is used to maintain 404 
thermodynamic consistency with the radiative temperature framework used to compute 405 
LWout (Equation 9). 406 

Net radiation partitioning between canopy and soil components, assuming equal 407 
emissivity and albedo, is expressed as: 408 

𝑅𝑅𝑛𝑛𝑛𝑛 = (1 − 𝜏𝜏𝑆𝑆)𝑆𝑆𝑆𝑆𝑛𝑛 + (1 − 𝜏𝜏𝐿𝐿)[𝐿𝐿𝐿𝐿𝑎𝑎𝑎𝑎𝑎𝑎 + 𝜀𝜀𝜀𝜀𝑇𝑇𝑠𝑠,𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
4 − 2𝜀𝜀𝜀𝜀𝑇𝑇𝑐𝑐,𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

4] (16𝑎𝑎) 409 

𝑅𝑅𝑛𝑛𝑛𝑛 = 𝜏𝜏𝑆𝑆𝑆𝑆𝑆𝑆𝑛𝑛 + 𝜏𝜏𝐿𝐿𝐿𝐿𝐿𝐿𝑎𝑎𝑎𝑎𝑎𝑎 + (1 − 𝜏𝜏𝐿𝐿)𝜀𝜀𝜀𝜀𝑇𝑇𝑐𝑐,𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
4 − 𝜀𝜀𝜀𝜀𝑇𝑇𝑠𝑠,𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

4 (16𝑏𝑏) 410 

𝑅𝑅𝑛𝑛 = 𝑅𝑅𝑛𝑛𝑛𝑛 + 𝑅𝑅𝑛𝑛𝑛𝑛 (16𝑐𝑐) 411 

where Rn is net radiation (MJ m-2 d-1). Evaluation against flux-tower observations (Figure S2) 412 
shows slightly lower skill than outgoing longwave radiation (R2 ranges from 0.66 to 0.85), 413 
likely reflecting uncertainties in incoming radiation estimates, yet indicating physically 414 
consistent and operationally robust net radiation retrievals. 415 
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3.4.4. Daily soil heat flux 416 

At daily time scales, net soil heat storage is generally small relative to available energy 417 
because daytime conductive warming is largely offset by nocturnal release of subsurface 418 
heat. Accordingly, the daily mean soil heat flux G (MJ m-2 d-1) is estimated as: 419 

𝐺𝐺 = 0.35𝑅𝑅𝑛𝑛𝑛𝑛 − 1.5 (17) 420 

The first term in Equation (17) links daytime soil heat flux to soil net radiation (Norman et al. 421 
(1995), while the constant offset represents compensating nocturnal conductive release. 422 
Its magnitude is selected so that median daily soil heat flux approaches zero, consistent 423 
with weak net ground heat storage at daily time scales.  424 

3.4.5. Leaf Area Index 425 

Leaf area index (LAI) is estimated using the Landsat two-band Enhanced Vegetation Index 426 
(EVI2) (Jiang et al., 2008). EVI2-based LAI has demonstrated improved agreement with in 427 
situ observations and has been widely applied in satellite-based ET modeling (Kang et al., 428 
2016; Jaafar et al., 2022). The formulation follows:  429 

𝐿𝐿𝐿𝐿𝐿𝐿𝐸𝐸𝐸𝐸𝐸𝐸2 = (2.92�𝐸𝐸𝐸𝐸𝐸𝐸2 − 0.43)2 (18) 430 

where LAIEVI2 is constrained within [0,8] (Jaafar et al., 2022). 431 

Vegetation index-based LAI may be overestimated over artificial green surfaces, so the 432 
normalized difference moisture index (NDMI) (Gao, 1996) is used to scale LAI when NDMI 433 
becomes negative: 434 

𝐿𝐿𝐿𝐿𝐿𝐿 = 𝐿𝐿𝐿𝐿𝐿𝐿𝐸𝐸𝐸𝐸𝐸𝐸2𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 (19𝑎𝑎) 435 

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 =
𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 − 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚

0 − 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚
(19𝑏𝑏) 436 

NDMIscaled is constrained within [0,1]. Based on the typical NDMI range, 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚 = −0.3 437 
(Gao, 1996). For actively transpiring vegetation, NDMI is typically positive and LAI remains 438 
unchanged, whereas negative NDMI values reduce spuriously high LAI estimates over non-439 
vegetated surfaces. This LAI estimate defines canopy radiative transmissivity and thereby 440 
links radiometric temperature decomposition to canopy–soil partitioning of net radiation. 441 

3.4.6. Soil surface relative humidity 442 

Introducing the DIF hypothesis ensures mathematical closure of the soil surface energy 443 
balance without requiring additional parameterizations of soil surface relative humidity 444 
(RHs). Accordingly, rearranging the soil evaporation component of ETDIF yields an analytical 445 
expression for RHs (see Appendix D for derivation): 446 
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𝑅𝑅𝑅𝑅𝑠𝑠 =
𝑒𝑒𝑎𝑎

𝑒𝑒∗(𝑇𝑇𝑎𝑎) + ∆(𝑇𝑇𝑠𝑠 − 𝑇𝑇𝑎𝑎) 𝜇𝜇𝑠𝑠 − 1
𝜇𝜇𝑠𝑠

(20) 447 

When 𝜇𝜇𝑠𝑠 → 1, corresponding to strong land–atmosphere coupling, RHs reduces to the 448 
atmospheric relative humidity (i.e., 𝑒𝑒𝑎𝑎

𝑒𝑒∗(𝑇𝑇𝑎𝑎)). Conversely, as 𝜇𝜇𝑠𝑠 → ∞, RHs approaches 𝑒𝑒𝑎𝑎
𝑒𝑒∗(𝑇𝑇𝑠𝑠). 449 

Equation (20) therefore constrains RHs between 𝑒𝑒𝑎𝑎
𝑒𝑒∗(𝑇𝑇𝑎𝑎) and 𝑒𝑒𝑎𝑎

𝑒𝑒∗(𝑇𝑇𝑠𝑠), with μs governing the 450 

transition between these states. The estimated RHs from Equation (20) is applied across all 451 
land cover types, except open water, for which RHs is set to 1. 452 

3.4.7. Computational procedure for ETDIF 453 

Partitioning LST into canopy and soil temperatures introduces a weak dependency on μc 454 
and μs. Similarly, estimation of RHs depends on μs. Rather than iterating toward numerical 455 
convergence, ETDIF is solved through a diagnostic closure in which μc and μs are evaluated 456 
under fully coupled conditions (μc=μs=1), yielding an initial estimate of Tc,, Ts, 𝑅𝑅𝑅𝑅𝑠𝑠, and 457 
energy balance. The thermodynamic state is then used to update μc and μs, after which the 458 
final ETDIF solution is obtained. Additional updates produce negligible changes in ET, 459 
reflecting the second-order influence of μc and μs on daily radiative temperature 460 
partitioning; accordingly, a single diagnostic adjustment is sufficient. 461 

3.4.8. Parameters for the aerodynamic term 462 

The aerodynamic modulation term in Equation (5) is represented through land-cover and 463 
surface wetness factors that describe conditions under which advective enhancement 464 
becomes dynamically relevant. The indicator 𝛿𝛿𝐿𝐿𝐿𝐿  identifies land-cover classes where 465 
surface–atmosphere coupling and advective exchanges are expected to be strong, 466 
following USGS NLCD classifications. 467 

𝛿𝛿𝐿𝐿𝐿𝐿 = �1, 𝐿𝐿𝐿𝐿 ∈ {cultivated, open water, wetland, woody wetland with LAI<1}
0, 𝐿𝐿𝐿𝐿 ∉ {cultivated, open water, wetland, woody wetland with LAI<1} (21) 468 

The surface wetness factor 𝛿𝛿𝑤𝑤𝑤𝑤𝑤𝑤 in is expressed as: 469 

𝛿𝛿𝑊𝑊𝑊𝑊𝑊𝑊 = 𝑓𝑓𝑐𝑐 + (1 − 𝑓𝑓𝑐𝑐)𝑓𝑓𝑠𝑠𝑠𝑠𝑓𝑓𝑠𝑠𝑠𝑠 (22𝑎𝑎) 470 

𝑓𝑓𝑠𝑠𝑠𝑠 = 𝑅𝑅𝑅𝑅𝑠𝑠𝑉𝑉𝑉𝑉𝑉𝑉𝑠𝑠 (22𝑏𝑏) 471 

𝑓𝑓𝑠𝑠𝑠𝑠 =
1

1 + 𝑒𝑒10−𝐿𝐿𝐿𝐿𝐿𝐿𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠+273.15 (22𝑐𝑐) 472 

where fsm and fsT represent soil moisture and temperature limitations.  473 
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Increasing canopy fraction fc, derived from NDMI-constrained LAI (Equation 19), reflects a 474 
larger fraction of actively transpiring vegetation. Over sparsely vegetated surfaces (1-fc), 475 
wetness is regulated independently through soil humidity and thermal state, with fsm 476 
estimated from RHs and soil surface vapor pressure deficit (VPDs) following Fisher et al. 477 
(2008). Because near-saturation conditions at low temperature may otherwise inflate 478 
wintertime fluxes, a sigmoidal soil temperature limitation 𝑓𝑓𝑠𝑠𝑠𝑠  is introduced, conceptually 479 
consistent with García et al. (2013). 480 

Aerodynamic transport is represented using the traditional empirical wind function of 481 
Penman (1948) 482 

𝑓𝑓(𝑢𝑢) = 2.6(1 + 0.54𝑢𝑢2) (23) 483 

where u2 is windspeed at 2 m height (m s-1) and contributes to the aerodynamic drying term  484 

(𝛾𝛾𝛾𝛾(𝑢𝑢)𝑉𝑉𝑉𝑉𝑉𝑉𝑎𝑎
∆+𝛾𝛾

 ) in Equation (5) consistent with complementary relationship formulations and 485 

Penman-type frameworks (Comini de Andrade et al., 2025). 486 

3.4.9. Topographic effects 487 

To represent topographic influences on near-surface meteorological forcing, elevation-488 
dependent adjustments were applied to daily air temperature and incoming solar radiation 489 
within RADET. Minimum and maximum air temperatures from gridMET were downscaled 490 
using elevation differences between the 30 m SRTM topography (Farr et al., 2007) and 4 km 491 
gridMET surface with a dry adiabatic lapse rate of −6.5 K km-1, producing terrain-consistent 492 
daily air temperature fields that maintain thermodynamic coherence with the radiative 493 
temperature framework used throughout the model.  494 

Topographic modulation of surface shortwave radiation was incorporated to account for 495 
slope and aspect effects. Daily solar radiation on inclined terrain was estimated using the  496 
analytical integrated formulations of Allen et al. (2006), which partition global radiation into 497 
direct, diffuse, and reflected components. Consistent with the analytical simplifications 498 
adopted in RADET, differences in direct-beam transmissivity between sloped and 499 
horizontal surfaces were neglected. 500 

These adjustments provide terrain-consistent temperature and radiative forcing while 501 
preserving analytical continuity with the radiative surface temperature energy balance 502 
framework. Neighborhood shadowing and terrain-induced modifications to local air 503 
temperature are not explicitly resolved and therefore represent a higher-order source of 504 
uncertainty in complex terrain. 505 

3.5. Temporal interpolation for monthly RADET  506 
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The RADET model directly estimates daily ET and therefore does not require instantaneous-507 
to-daily scaling. However, estimates are available only on Landsat overpass dates (8–16 508 
day intervals), with additional gaps during cloud contamination; temporal interpolation is 509 
applied to derive temporally continuous daily and monthly ET. Many Landsat-based ET 510 
frameworks interpolate normalized evaporative metrics between image dates. Five of the 511 
six OpenET models interpolate the ratio of ET to ASCE reference ET (ETo) (Allen et al., 2005), 512 
expressed as the fraction of ETo (EToF) (crop coefficient). In these approaches, EToF is 513 
typically interpolated using piecewise linear schemes and subsequently multiplied by ETo 514 
to obtain daily ET. The ALEXI/DisALEXI framework adopts an analogous strategy but 515 
substitutes incoming shortwave radiation for ETo. While ETo-based interpolation performs 516 
well under advective conditions over well-watered surfaces, regional-scale analyses often 517 
reveal complementary behavior between ET and evaporative demand (Bouchet, 1963; 518 
Brutsaert and Stricker, 1979).  519 

Consistent with this thermodynamic perspective, RADET adopts a radiation-based 520 
interpolation similar to ALEXI/DisALEXI, using the ratio between ET and incoming 521 
shortwave radiation as the scaling variable. Radiation-based scaling has demonstrated 522 
performance comparable to alternative schemes (Brutsaert and Sugita, 1992; Cammalleri 523 
et al., 2014) Sensitivity tests using fractions of ETo, potential shortwave radiation, net 524 
radiation, SFE ET, and Priestley-Taylor ET produce noticeable differences at daily scales but 525 
only marginal differences at monthly scales because biases compensate through temporal 526 
aggregation. For operational scalability while reducing sensitivity to errors in ETo or 527 
alternative scaling variables that can otherwise introduce potentially large interpolation 528 
biases (Blankenau et al., 2020; Volk et al., 2026), incoming shortwave radiation is adopted, 529 
providing a parsimonious yet physically consistent interpolation pathway. Under this 530 
formulation, temporal interpolation follows the evolution of available energy rather than 531 
prescribed evaporative demand, thereby maintaining consistency with the radiative control 532 
implicit in the DIF framework. 533 

 534 

4. Methods 535 
4.1. RADET inputs and application 536 

The RADET model was applied to estimate ET at 30 m resolution across selected regional 537 
domains and at 145 flux tower locations used solely for evaluation and intercomparison, 538 
providing a common spatial and observational basis for model assessment. Primary inputs 539 
to the RADET model are summarized in Table 1. The analysis period spans 2000–2020 and 540 
uses Landsat 5, 7, and 8 Collection 2 Level-2 optical and thermal products (US Geological 541 
Survey, 2021; Crawford et al., 2023). Landsat-derived albedo, EVI2, and NDMI were 542 
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computed in GEE (Gorelick et al., 2017). For comparisons with flux tower measurements, 543 
land surface temperature, emissivity, albedo, EVI2, and NDMI were extracted by spatially 544 
averaging pixels within 7 × 7 (210 x 210 m) Landsat-grid static- footprints around each flux 545 
tower to approximate the effective source. (Volk et al., 2024)Details on flux tower sites and 546 
the 7 × 7 footprint approach, including its comparable performance relative to dynamic 547 
other footprint methods, are provided in Volk et al. (2023a). 548 

Daily meteorological forcing was obtained from the gridMET dataset (Abatzoglou, 2013). 549 
The required variables include specific humidity, minimum and maximum air temperature, 550 
downward shortwave radiation, and wind speed at 10 m height. Air pressure required for 551 
vapor pressure calculations is not provided by gridMET and was therefore estimated from 552 
SRTM elevation following the ASCE PM formulation (Allen et al., 2005) using standard 553 
atmospheric assumptions.  Wind speed at 10 m height provided by gridMET was adjusted 554 
to 2 m height for input to the Penman wind function following the ASCE PM formulation 555 
(Allen et al., 2005). 556 

Land cover information was obtained from the annually updated USGS NLCD dataset (US 557 
Geological Survey, 2024), accessed through the Awesome GEE Community Catalog (Roy et 558 
al., 2025) and extracted for each flux tower location to provide a consistent 559 
characterization of advective regimes and surface states across all sites.  560 

Table 1 Primary inputs to the RADET model. 561 

Data (sources) Native spatial resolution 
(temporal scale) 

Primary usage References 

Land surface 
temperature (Landsat-5, 
7 & 8) 

60 – 120 m 
(instantaneous)  

Canopy and soil surface 
temperature 

US Geological 
Survey (2021) 

Surface reflectance 
(Landsat-5, 7 & 8) 30 m (instantaneous) Albedo, EVI2, and NDMI US Geological 

Survey (2021) 
Solar radiation, specific 
humidity, minimum and 
maximum air 
temperature, wind speed 
(gridMET) 

 4 km (daily average) Meteorological forcing for 
the RADET model Abatzoglou (2013) 

Elevation (SRTM) 30m (constant) 

Estimating air pressure, 
terrain adjustment air 
temperature and solar 
radiation 

Farr et al. (2007) 

Land cover (USGS NLCD) 30 m (annually updated 
constant) 

Identifying advective 
conditions 

US Geological 
Survey (2024) 

 562 

4.2. OpenET data 563 
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We used OpenET ET estimates (Melton et al., 2022; Collection 2.0) to evaluate RADET 564 
relative to the six OpenET models and the ensemble value. OpenET daily (overpass-dates) 565 
and monthly time series were taken from the benchmark dataset compiled for the OpenET 566 
Intercomparison and Accuracy Assessment (Volk et al., 2024). In that analysis, OpenET 567 
pixels were sampled at flux towers using flux footprints: temporally dynamic footprints 568 
based on (Kljun et al., 2015) when site parameters were available (about half of the sites) 569 
and otherwise using static Landsat-grid footprints (typically 7 × 7) shifted slightly to capture 570 
the dominant source area based on day-time wind direction. (Volk et al., 2024) 571 

For RADET, we sampled pixels around each flux tower using the static 7 × 7 Landsat grids 572 
that were developed by (Volk et al., 2023a) because this approach was readily available for 573 
the data processing workflow. The prior analysis on footprint method comparisons 574 
indicated that the 7 × 7 static grids generally overlap the dynamic footprints on average 575 
(74% daily and 83% monthly true-positive overlap). Due to those results and previous 576 
comparisons of OpenET using different footprint methods, the impacts on aggregate 577 
statistics (highlighted in this study) based on 7 ×7 vs dynamic footprints should be modest. 578 
At a subset of sites with heterogeneous land cover where OpenET used dynamic or smaller 579 
gridded footprints, the differences may be more important.   580 

4.3. MODIS based ET products 581 

We additionally evaluated RADET against ET products derived from the Moderate 582 
Resolution Imaging Spectroradiometer (MODIS), which provide coarser (~1 km) spatial 583 
resolution but higher temporal sampling through daily observations aggregated into 8-day 584 
ET composites providing an independent satellite-based benchmark with contrasting 585 
spatial–temporal scaling. Specifically, we used the MOD16 ET Collection 6.1 product, 586 
MOD16A2GF v6.1 (Running et al., 2021), and the PML-V2 v0.1.8 ET dataset (Zhang et al., 587 
2019) extracted from GEE at the central pixel of each flux tower footprint. The 8-day ET 588 
values were then redistributed to daily values using uniform allocation and aggregated to 589 
monthly totals to maintain temporal consistency with RADET outputs and OpenET 590 
comparisons. 591 

A recent study by Endsley et al. (2025) introduced an updated and recalibrated MOD16 592 
formulation anticipated for MODIS Collection 7. We obtained the corresponding 8-day ET 593 
products directly from the authors; however, these data relied on Collection 6.1 FPAR/LAI 594 
inputs rather than Collection 7. To ensure consistency and avoid calibration bias, 595 
comparisons were limited to the same 61 flux tower sites used by Endsley et al. (2025), 596 
excluding sites used in MOD16 calibration or validation thereby maintaining independence 597 
between calibration and evaluation datasets. 598 
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4.4. In situ ET data 599 

To evaluate RADET model performance, we used in situ flux measurements as a 600 
benchmark reference dataset. Specifically, we employed the dataset compiled by Volk et 601 
al. (2023b), which aggregates ET measurements across the contiguous United States 602 
(CONUS) from multiple sources, including AmeriFlux, USDA-ARS, and USGS NWSC. This 603 
dataset was also used for OpenET performance assessment (Volk et al., 2024) ensuring 604 
methodological consistency across model evaluations. 605 

Most of the sites employ the eddy covariance method, while a smaller number rely on 606 
Bowen ratio systems or weighing lysimeters. After excluding sites with fewer than five 607 
paired ET observations (daily RADET and in situ ET overlaps) during the study period, 145 608 
sites remained for analysis. These comprise 54 cropland, 16 evergreen forest, 27 609 
grassland, 13 mixed forest, 26 shrubland, and 9 wetland/riparian sites (Figure 2). 610 

The eddy covariance method is subject to a systematic uncertainty known as the energy 611 
balance imbalance, wherein the sum of turbulent heat fluxes is typically lower than the 612 
available energy (Mauder et al., 2020). For model evaluation, we used both energy balance 613 
ratio (EBR)–corrected data (results presented in the main text) and EBR–uncorrected data 614 
(results provided in the Supplementary Information) to bracket uncertainty. The EBR 615 
correction was applied using the Bowen ratio preservation method (Twine et al., 2000; Volk 616 
et al., 2023a).  617 

For daily-scale performance assessments, we used quality-controlled, gap-free daily ET 618 
observations. Only satellite overpass days were considered, and gap-filled or negative in 619 
situ ET values were excluded. To ensure consistency with OpenET models, we included 620 
only paired records where RADET estimates, in situ ET observations, and OpenET values 621 
were all available for the same day. 622 

For monthly-scale assessments, gap-filled in situ ET data were included. Monthly data 623 
were used only when the number of gap-filled days did not exceed five (Volk et al., 2024). 624 
While this strict criterion ensures consistent comparison with OpenET, it can exclude many 625 
records during rainy months, periods that typically exhibit high ET in water-limited 626 
ecosystems such as shrublands. Therefore, as a secondary monthly benchmark, we 627 
applied a relaxed criterion requiring at least five observed days per month. This benchmark 628 
was used solely to evaluate RADET performance sensitivity and was not used for direct 629 
comparison with OpenET models to preserve methodological comparability.    630 
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 631 

Figure 2 Map of in situ ET measurement sites. Symbol color and shape indicates land cover 632 
type. The exact site locations are slightly jittered to reduce overlap among closely spaced 633 
points. 634 

4.5. Model evaluations 635 

Building on the theoretical derivation, we first evaluated the RADET model using a 636 
hierarchical framework. Model behavior was first examined diagnostically relative to the 637 

SFE model (𝐸𝐸𝐸𝐸 = 1
𝐿𝐿𝑣𝑣

𝑅𝑅𝑅𝑅∆(𝑅𝑅𝑛𝑛−𝐺𝐺)
𝑅𝑅𝑅𝑅∆+𝛾𝛾

) (McColl et al., 2019), to diagnose the influence of the DIF 638 

constraint and aerodynamic enhancement within an equilibrium thermodynamic reference 639 
context. The SFE model is an equilibrium-based ET formulation dependent on available 640 
energy and meteorological forcing (McColl et al., 2019), and often performs comparably to 641 
more complex satellite-based ET models (Thakur et al., 2025). We used the same 642 
meteorological and satellite inputs for the SFE model as for ETDIF and RADET. Specifically, 643 
net radiation (Equation 16c) and soil heat flux (Equation 17) were applied in the SFE 644 
calculation to ensure a fair comparison between the SFE and the proposed approach. 645 

Model skill was then assessed at daily and monthly timescales through intercomparison 646 
with OpenET models and their ensemble value, followed by evaluation against MODIS-647 
based ET products for multi-scale benchmarking across independent datasets. 648 

We employed statistical metrics, including Kling-Gupta Efficiency (KGE), Nash–Sutcliffe 649 
Efficiency (NSE), Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and Mean 650 
Bias Error (MBE). One-to-one comparisons additionally report the coefficient of 651 
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determination (R²) and the least-squares regression slope constrained through the origin to 652 
emphasize proportional bias (detailed equations in Appendix F).  653 

Following the OpenET accuracy assessment (Volk et al., 2024), daily accuracy statistics 654 
were calculated without gap-filled station ET data for all models, while monthly statistics 655 
included only stations with five or fewer gap-filled days per month. Land cover group 656 
statistics relied on flux site metadata classification rather than NLCD classifications.  657 

For each flux station, RMSE, MAE, MBE, and NSE were computed individually and then 658 
aggregated using a weighted mean. Individual-site KGE and NSE values were constrained 659 
within the range of [–1, 1] consistent with the bounded interpretation adopted in Reitz et al. 660 
(2025). KGE and NSE were calculated only for sites with a minimum of five paired 661 
observations. Group-level statistics were weighted by the square root of the number of 662 
paired observations per station following Volk et al. (2024) to balance station influence 663 
while preventing long record sites from dominating aggregation metrics. 664 

For comparison with MOD16, we followed the approach of Endsley et al. (2025) by 665 
restricting the evaluation to the same 61 flux-tower sites used in their MOD16–OpenET 666 
intercomparison, grouping records into cropland and non-cropland categories, and 667 
computing performance statistics directly from the pooled paired observations to ensure 668 
direct comparability with published MOD16 performance metrics. 669 

 670 

5. Results 671 
5.1. Theoretical evaluation of RADET 672 

The performance of the proposed ETDIF formulation (Equation 2) and the RADET model 673 
(Equation 5) was first evaluated at the daily timescale for Landsat overpass days through 674 
comparison with the SFE model (McColl et al., 2019) using identical available energy and 675 
meteorological inputs (Figure 3 for EBR-corrected evaluations and Figure S3 for EBR-676 
uncorrected evaluations). The SFE formulation provides a thermodynamic reference 677 
baseline relying solely on available energy and meteorological forcing.  678 

Figure 3 shows that ETDIF generally outperforms the SFE model, even though the two share 679 
similarities in their formulations. The SFE model typically underestimates ET under high-ET 680 
conditions and overestimates ET when ET is low (Kim et al., 2023; Thakur et al., 2025). ETDIF 681 
effectively addresses these systematic deviations, particularly for land cover types where 682 
advection is not expected (𝛿𝛿𝐿𝐿𝐿𝐿 = 0). The μ terms reduce ET below equilibrium when LST 683 
exceeds air temperature, mitigating positive biases at low ET, while the two-source 684 
treatment increases ET with increasing vegetation cover, reflecting a higher equilibrium 685 
evaporative fraction of canopy relative to soil. 686 
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However, ETDIF still exhibits substantial biases when 𝛿𝛿𝐿𝐿𝐿𝐿 = 1, where strong advection can 687 
violate the DIF hypothesis. These biases are reduced in RADET, which conditionally 688 
incorporates Penman’s aerodynamic term when advective enhancement is expected 689 
(𝛿𝛿𝐿𝐿𝐿𝐿 = 1). The hierarchical progression from SFE to ETDIF and ultimately RADET is observed 690 
consistently for both EBR-corrected (Figure 3) and uncorrected data (Figure S3). These 691 
results demonstrate improved agreement with in situ flux observations when aerodynamic 692 
enhancement is represented within the RADET framework while preserving thermodynamic 693 
consistency. 694 

Together, the progression from equilibrium behavior toward transport-influenced regimes 695 
establishes the physical basis for subsequent intercomparisons with in situ flux 696 
observations across land cover classes and with operational satellite-based ET products at 697 
daily and monthly scales, which build directly on the equilibrium-to-transport framework 698 
demonstrated here. 699 

 700 

Figure 3 In situ ET observations versus estimated daily ET using the SFE (a), ETDIF (b) and 701 
RADET (c) models. Observed ET represents energy balance ratio (EBR)-corrected data. The 702 
dashed line indicates the 1:1 line, and point colors differentiate advection-prone land 703 
covers (𝛿𝛿𝐿𝐿𝐿𝐿 = 0) from less advection-prone land covers (𝛿𝛿𝐿𝐿𝐿𝐿 = 1) (Equation 21). R² and the 704 
least-squares linear regression forced through the origin are shown (solid line).  705 

5.2. Daily RADET evaluation 706 

The RADET model was evaluated for Landsat satellite overpass days using only paired 707 
RADET–in situ ET observations (see Methods). One-to-one comparisons are shown in 708 
Figure 4 (EBR–corrected) and Figure S4 (EBR–uncorrected).  709 

Across all land cover types, R2 exceeded 0.62 and the regression slopes were slightly below 710 
unity when evaluated against the EBR-corrected benchmark. Using the EBR-uncorrected 711 
benchmark, R2 values decreased modestly and slopes generally around unity. Performance 712 
is strongest over croplands and mixed forests (slopes of 0.96 and 0.97; R2 = 0.76 and 0.80), 713 
consistent with OpenET models (Volk et al., 2024). Evergreen forests, grasslands, and 714 
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shrublands also show strong correspondence (slopes of 0.9–0.93; R2 = 0.62–0.66), notable 715 
given known challenges for medium-resolution ET models over these ecosystems (Volk et 716 
al., 2024). Wetland/riparian sites retain relatively high explanatory power (R² = 0.68) but 717 
exhibit the lowest slope (0.79).  718 

 719 

Figure 4 Daily RADET versus in situ ET observations grouped by land cover type based on 720 
site metadata (not NLCD classification). Observed ET represents energy balance ratio 721 
corrected data. For each land cover group, R² and the least-squares linear regression 722 
forced through the origin are shown. 723 

5.2.1 Comparison with OpenET models 724 

Next, RADET was compared with individual OpenET models and their ensemble value. For 725 
daily analysis, the SIMS model was excluded because it does not account for soil 726 
evaporation (Melton et al., 2022; Volk et al., 2024). Figure 5 summarizes the error statistics 727 
using EBR–corrected in situ ET, while Figure S5 shows EBR–uncorrected results. Overall, 728 
RADET matches or exceeds OpenET model performance across all land cover types and 729 
benchmarks. 730 

In croplands, RADET shows performance similar to the best OpenET model under the EBR–731 
corrected benchmark, while substantially reducing the negative bias commonly observed 732 
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in OpenET models. Subtype analysis (Figure S6) indicates strongest performance in annual 733 
crops and orchards. In vineyards, however, RADET tends to overestimate in situ ET, 734 
whereas previous studies reported stronger OpenET performance (Volk et al., 2024). 735 

When the EBR–uncorrected benchmark is used, RADET’s performance becomes similar to 736 
that of the OpenET models in croplands, primarily due to a larger positive bias (Figure S5). 737 
However, the eddy covariance technique does not capture horizontal advection (Mauder et 738 
al., 2020), which increases surface energy imbalance particularly over irrigated croplands 739 
and potentially introduces low bias in in situ ET when EBR correction is not applied (Volk et 740 
al., 2023a). 741 

For evergreen forests, mixed forests, grasslands, and shrublands, RADET consistently 742 
outperforms all OpenET models and their ensemble across statistical metrics. This result is 743 
consistent for both EBR–corrected and uncorrected benchmarks. Improvements are 744 
particularly strong over evergreen forests and shrublands, where OpenET models exhibited 745 
negative NSE values, with NSE = 0 marking the transition from useful to noise-dominated 746 
simulations (Duc and Sawada, 2023), whereas RADET NSE values remained positive. 747 
Although higher thresholds (e.g., NSE > 0.5) are common in streamflow modeling with large 748 
observational variance (N. Moriasi et al., 2007), NSE > 0 is a more appropriate signal-to-749 
noise benchmark, particularly under low-variance conditions such as shrubland ET (Duc 750 
and Sawada, 2023). Similar results are seen for KGE, where values around 0.5 indicate the 751 
transition from signal to noise dominance, with an ideal score of 1 (Gupta et al., 2009; Duc 752 
and Sawada, 2023). OpenET models also show a pronounced positive bias in evergreen 753 
forests, which is substantially reduced by the RADET model.  754 

The stronger performance of RADET across structurally complex vegetation appears 755 
consistent with its DIF-constrained two-source formulation. Multi-layered and complex 756 
canopies introduce radiative-aerodynamic decoupling, internal energy storage, and 757 
persistent shading, conditions known to bias bulk single-source energy balance 758 
formulations (Brutsaert and Sugita, 1992; Norman et al., 1995; Kustas and Norman, 1999). 759 
By resolving canopy and soil energy pathways separately based on the DIF constraint and 760 
incorporating aerodynamic enhancement only when advection is expected, RADET 761 
reduces systematic deviations associated with bulk surface representations. While 762 
DisALEXI also adopts a two-source framework, its reliance on semi-empirical aerodynamic 763 
conductance formulations may introduce larger uncertainties than the DIF constraint, 764 
particularly over rough forest surfaces, potentially contributing to the performance 765 
differences observed here. 766 

For the Wetland/Riparian group, RADET performs comparably to the OpenET models under 767 
the EBR-corrected benchmark, with a negative bias apparent for RADET. Figure S6 768 
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indicates that RADET underestimates in situ ET at most riparian sites but not wetlands, 769 
primarily because the advection term is not applied where riparian areas are not classified 770 
as wetlands in the USGS NLCD dataset. Future improvements may include alternative or 771 
combined land cover datasets to better represent riparian conditions and associated 772 
advective enhancement. 773 

Performance across cropland and natural ecosystems at in situ flux sites provides context 774 
for the scene-scale comparisons presented below, which illustrate how differences among 775 
model predictions appear spatially across contrasting landscapes. 776 

To examine the spatial pattern of these improvements, Figure 6 illustrates the difference in 777 
KGE between RADET and the OpenET ensemble. Although the ensemble provides a 778 
representative reference, the proposed RADET model generally improves performance at 779 
sites located in natural ecosystems, with occasional degradation in rainfed or deficit 780 
irrigation croplands (e.g., vineyards in California).  781 
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 782 

Figure 5 Comparison of daily error statistics between RADET and OpenET models, grouped 783 
by land cover type. Model evaluations were performed using EBR–corrected in situ ET as 784 
the benchmark. 785 

 786 
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 787 

Figure 6 Spatial distribution of Kling–Gupta Efficiency (KGE) differences between RADET 788 
and the OpenET ensemble at the daily scale (KGE based on EBR-corrected benchmark). 789 
Blue indicates improved agreement with in situ ET, whereas red indicates reduced 790 
performance relative to the ensemble reference. Values exceeding ±0.4 were truncated to 791 
constrain the color scale. Point shapes denote land cover classes, and site locations were 792 
slightly offset to reduce overlap. 793 

5.2.2 Special case studies 794 

As RADET showed improved performance over evergreen forests and shrublands, two 795 
representative Landsat scenes were examined: one containing four flux sites located in 796 
evergreen forests in Oregon (Figure 7), and another containing two shrubland sites and one 797 
grassland site in Nevada (Figure 8).  798 

The first scene (Landsat 8; July 26, 2024) covers the Metolius River region in Oregon (Figure 799 
7), characterized by a pronounced west-east gradient from dense evergreen forest to 800 
shrubland, including forest clearings and localized cropland near the corridor, providing a 801 
spatial context for interpreting model behavior across structurally complex, predominantly 802 
energy-limited canopies. Four flux tower sites (US-Me1, US-Me2, US-Me5, US-Me6) are 803 
located within the scene. Both RADET (Figure 7a) and the OpenET ensemble (Figure 7b) 804 
resolve land cover transitions at 30 m resolution, although OpenET generally produces 805 
higher ET over evergreen forests. Flux observations indicate RADET agrees more closely 806 
with observations (e.g., KGE = 0.64 vs. 0.32 for the OpenET ensemble; Figure S7a), primarily 807 
due to reduced positive bias.  808 
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 809 

Figure 7. Daily ET estimated by (a) RADET and (b) the OpenET ensemble for a Landsat 8 810 
scene acquired on July 26, 2024, in central Oregon near the Metolius River. The four red 811 
markers denote evergreen forest flux towers US-Me1, US-Me2, US-Me5, and US-Me6. 812 
White areas indicate cloud masking. 813 

The second scene (Landsat 8; July 14, 2023) spans the semi-arid Spring Valley region of 814 
eastern Nevada (Figure 8), including two shrubland sites (SV-5, SV-6) and one grassland 815 
site (SPV-3). The scene is characterized by strong elevational gradients spanning low-816 
elevation semi-arid shrubland and localized cropland in the central–eastern valley floor to 817 
structurally complex mountain canopies within predominantly water-limited landscapes 818 
where equilibrium assumptions and aerodynamic enhancements may diverge.  Across 819 
extensive shrublands, the OpenET ensemble produces ET values close to zero, whereas 820 
RADET yields higher estimates consistent with flux observations. Agreement with in situ ET 821 
improves substantially (e.g., KGE = 0.71 for RADET vs. 0.43 for the OpenET ensemble; 822 
Figure S7b) largely by reducing underestimation bias. 823 

Together, Figures 7 and 8 illustrate how differences among model formulations emerge 824 
across contrasting hydroclimatic and structural regimes, providing spatial context for the 825 
statistical improvements observed in flux-tower evaluations while maintaining consistency 826 
with the equilibrium-to-transport transition reflected in the progression from the DIF 827 
formulation to the RADET framework. Although inference beyond the scenes shown here 828 
remains limited, qualitative inspection of additional scenes with contrasting landscapes, 829 
including locations where OpenET struggles to accurately estimate ET, indicated that 830 
RADET performs reasonably well, consistent with the flux site statistical metrics presented 831 



 30 

herein. Figures S8–S10 illustrate these challenging cases, where the OpenET ensemble 832 
exhibits artifacts over developed, volcanic, or salt-crusted surfaces, whereas RADET 833 
substantially reduces these errors. 834 

 835 

Figure 8. Daily ET estimated by (a) RADET and (b) the OpenET ensemble for a Landsat 8 836 
scene acquired on July 14, 2023 in Spring Valley, Nevada. The three red markers denote flux 837 
towers SV-5, SV-6 (shrubland) and SPV-3 (grassland).  838 

5.3 Monthly RADET evaluation 839 

We evaluated monthly RADET performance using one-to-one comparisons between RADET 840 
and in situ ET observations (Figure 9: EBR–corrected; Figure S11: EBR–uncorrected). Two 841 
EBR-corrected benchmarks were considered: a strict quality-control criterion (≤ 5 gap-842 
filled days) and a relaxed criterion (≥ 5 observed days). For the EBR–uncorrected 843 
comparison, only the strict criterion was applied because the gap-filling scheme of (Volk et 844 
al., 2023a) applies exclusively to EBR–corrected ET data. 845 

For the EBR–corrected benchmark under the relaxed criterion, RADET achieved R² values 846 
exceeding 0.7 across all land cover types, with regression slopes close to unity. Croplands 847 
showed slightly improved performance under the strict criterion, whereas some dry 848 
ecosystems showed the opposite behavior. For example, shrubland R² decreased from 849 
0.76 under the relaxed criterion to 0.68 under the strict criterion. This likely reflects removal 850 
of precipitation-driven high ET months that were retained in the relaxed benchmark and 851 
well captured by RADET. The EBR–uncorrected benchmark showed comparable R² values 852 
but generally higher regression slopes. 853 



 31 

 854 

Figure 9 Monthly RADET versus in situ ET observations grouped by land cover type. 855 
Observed ET represents EBR corrected data. Red points indicate results under the strict 856 
benchmark criterion (≤5 gap-filled days), while black points indicate the relaxed 857 
benchmark criterion (≥5 observed days). For each land cover group, R² and the least-858 
squares linear regression forced through the origin are shown.  859 

5.3.1 Comparison with OpenET models 860 

To assess model differences at an aggregated time scale, RADET performance was 861 
compared with individual OpenET models and their ensemble value at the monthly scale. 862 
Figure 10 summarizes error statistics using EBR–corrected in situ ET, and Figure S12 shows 863 
EBR-uncorrected results. Also, Figure 11 illustrates the difference in KGE between RADET 864 
and the OpenET ensemble, and one-to-one comparisons with in situ ET are provided in 865 
Figures S13–S18. Overall, RADET performs comparably to or better than OpenET across 866 
land covers and benchmarks, consistent with the daily scale evaluation. 867 

For croplands, RADET performs similarly to the best OpenET model under the EBR-868 
corrected benchmark but shows reduced skill under the EBR-uncorrected benchmark, 869 
reflecting known energy balance closure limitations of in situ measurements under 870 
advective conditions in irrigated croplands.  871 
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Across other land cover types, including evergreen forests, mixed forests, grasslands, and 872 
shrublands, RADET consistently yields the strongest performance metrics. Improvements 873 
are particularly pronounced in evergreen forests and shrublands. In shrublands, monthly 874 
NSE values were generally negative for all models, primarily because observed ET exhibits 875 
very low temporal variability, causing NSE to penalize even small absolute errors. However, 876 
RADET maintains positive NSE values, indicating improved sensitivity to subtle month-to-877 
month changes. When evaluated using EBR-uncorrected data, NSE values for the OpenET 878 
models remain mostly negative across all natural land cover types, whereas RADET 879 
remains positive. 880 
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 881 

Figure 10. Monthly error statistics for RADET and OpenET models grouped by land cover 882 
type. Model evaluations use EBR–corrected in situ ET under the strict quality-control 883 
criterion (≤5 gap-filled days). Statistics summarize performance across flux tower sites and 884 
provide context for spatial patterns shown in Figure 11. The SIMS model is included only for 885 
croplands because it produces ET estimates exclusively over cropland areas. 886 
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 887 

 888 

Figure 11 Spatial distribution of KGE differences between RADET and the OpenET 889 
ensemble at the monthly scale. Blue indicates improved agreement with in situ ET, 890 
whereas red indicates reduced performance relative to the ensemble reference. Values 891 
exceeding ±0.4 were truncated to constrain the color scale. Point shapes denote land cover 892 
classes, and site locations were slightly offset to reduce overlap. 893 

5.3.2 Comparison with MODIS-based models 894 

We evaluated the monthly performance of RADET against the PML-V2 product, the current 895 
operational MOD16 Collection 6.1 ET product, and the recently updated MOD16 version 896 
anticipated for MODIS Collection 7 (Table 2). Following the MOD16–OpenET 897 
intercomparison framework of Endsley et al. (2025), we used the same set of 61 flux tower 898 
sites and computed performance metrics from pooled cropland and non-cropland records 899 
without site-level weighting, ensuring methodological consistency. These sites were not 900 
used for MOD16 calibration, preserving independence. It is noted that our reproduction of 901 
the Endsley et al. (2025) statistics showed minor numerical differences, likely due to 902 
additional filtering associated with inclusion of RADET and PML-V2 datasets. 903 

Among the MODIS-based products, PML-V2 and the updated MOD16 version performed 904 
substantially better than the operational MOD16 Collection 6.1 for croplands and non-905 
croplands, consistent with previous evaluations (Zhang et al., 2019; Endsley et al., 2025). 906 
Despite these improvements, RADET maintained the strongest overall performance. Over 907 
croplands, RADET reduced error magnitude and bias relative to all MODIS-based products, 908 
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while over non-cropland sites RADET exhibited equal or improved agreement relative to the 909 
more advanced MODIS formulations. 910 

Table 2. Monthly performance metrics for RADET, the OpenET ensemble, PML-V2, 911 
operational MOD16 Collection 6.1, and the updated MOD16 (anticipated Collection 7). 912 
Metrics follow the Endsley et al. (2005) evaluation framework using 61 flux tower sites. 913 
Results are summarized separately for croplands and non-cropland sites.  914 

 Model RMSE (mm mon-1) MBE (mm mon-1) Correlation KGE 

C
ro

pl
an

ds
 

RADET 24.7 +4.6 0.93 0.87 

OpenET Ensemble 19.1 -6.9 0.96 0.90 

PML-V2 36.0 -16.2 0.86 0.53 

C6.1 MOD16 51.6 -29.9 0.76 -0.08 

C7 MOD16  34.2 -13.0 0.86 0.61 

N
on

-c
ro

p 

RADET 19.4 +4.5 0.91 0.84 

OpenET Ensemble 28.2 +8.7 0.84 0.70 

PML-V2 24.2 -0.52 0.84 0.84 

C6.1 MOD16 26.3 -8.23 0.81 0.68 

C7 MOD16  24.6 +3.1 0.83 0.81 
 915 

Together, daily and monthly scale flux comparisons, OpenET intercomparisons, and 916 
MODIS-scale evaluations show that the progression from equilibrium behavior toward 917 
conditionally enhanced transport in RADET produces internally consistent performance 918 
gains across spatial and temporal scales, particularly within water-limited natural 919 
ecosystems. These cross-scale results provide a physically grounded context for 920 
interpreting model behavior, operational considerations, limitations, and potential future 921 
improvements discussed below. 922 

 923 

6 Discussion 924 
6.1. As simple as possible, but no simpler 925 

The RADET formulation maintains physical realism while reducing structural complexity 926 
relative to conventional medium-resolution surface energy balance ET models. Because 927 
RADET is grounded in the equilibrium and DIF hypothesis framework (Raupach, 2001) and 928 
conceptually analogous to reaction-limited and transport-controlled regimes described by 929 
classical diffusion and transport theory (Levenspiel, 1999; Bird et al., 2002), it does not 930 
require aerodynamic conductance or surface conductance parameterizations. Such 931 
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parameters often introduce semi-empirical calibration and canopy-dependent uncertainty 932 
(Polhamus et al., 2013; Trebs et al., 2021; Mallick et al., 2022). The DIF constraint enables a 933 
compact analytical solution without site-specific tuning.  934 

Computational demands remain modest because explicit iterative energy balance closure 935 
is not required (Allen et al., 2007; Anderson et al., 2012) nor coupled conductance solving 936 
(Mallick et al., 2014). In Figure S19, we compare the runtime of RADET with OpenET models 937 
across multiple scenes in GEE and find that its runtime is comparable to PT-JPL. Because 938 
PT-JPL is one of the most computationally efficient models within the OpenET ensemble, 939 
this result highlights RADET’s efficiency and strong potential for large-scale operational 940 
implementation. 941 

Despite this numerical simplicity, RADET retains mechanistic process representation. Its 942 
two-source and radiatively coupled equilibrium formulation informed by optical and 943 
thermal remote sensing, and the conditional inclusion of Penman’s aerodynamic term 944 
extend equilibrium formulations into regimes where transport effects become important 945 
(Figure 3).  946 

6.2 Spatial-temporal resolution constraints 947 

Satellite ET retrievals typically balance spatial detail against revisit frequency. Medium-948 
resolution sensors (10–100 m; e.g., Landsat, Sentinel-2) provide spatial heterogeneity, 949 
whereas moderate-resolution sensors (250 m–1 km; e.g., MODIS, VIIRS) provide more 950 
frequent observations and temporal continuity. In heterogeneous croplands, medium-951 
resolution thermal and optical data capture field-scale contrasts effectively (Radeloff et 952 
al., 2024), and medium-resolution energy balance models often outperform coarse ET 953 
products (Endsley et al., 2025). Conversely, moderate- to coarse-resolution products 954 
frequently perform well over homogeneous natural ecosystems, where canopy and 955 
atmospheric controls dominate (Chen and Liu, 2020). Frequent sampling reduces temporal 956 
interpolation error, providing an advantage in forests, grasslands, and shrublands. 957 

RADET partially relaxes this conventional trade-off particularly in natural land covers. 958 
Despite relying solely on Landsat revisit intervals, RADET matches the best OpenET models 959 
in croplands and exceeds MODIS-based products across natural ecosystems at monthly 960 
timescales. The results suggest that accurate physical representation can partially 961 
compensate for reduced temporal sampling density. 962 

Medium-resolution ET enables detection of fine-scale disturbances, heterogeneous 963 
vegetation, and small watershed hydrologic processes such as ET from riparian systems 964 
and groundwater dependent ecosystems (e.g., Figures 7 and 8) (Radeloff et al., 2024). 965 
Within the context of medium-resolution remote sensing applications, models that 966 
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preserve spatial detail without sacrificing physical consistency remain essential; RADET 967 
addresses need by maintaining skill across agricultural and natural systems at 30 m 968 
resolution using a framework based on established energy balance, thermodynamic, and 969 
transport theory.  970 

6.3 Room for Improvement and Future Applications 971 

Despite strong performance, several limitations remain. First, the current implementation 972 
relies on land cover classification and 𝛿𝛿-based wetness indicators to determine advective 973 
enhancement. For example, several riparian sites were not labeled as wetlands in the 974 
NLCD, resulting in the aerodynamic term not being applied and leading to ET 975 
underestimation (Figure S6). Conversely, RADET tended to overestimate ET at vineyard 976 
sites, likely because deficit irrigation reduces actual ET (Volk et al., 2024), while advective 977 
enhancement was triggered based on land cover classification (Figure S6). Our qualitative 978 
inspection of RADET scenes over rainfed croplands and adjacent forested areas in the 979 
eastern US suggests potential artifacts associated with the advection term over croplands 980 
when the surrounding environment is not dry. Future improvements could include 981 
incorporating irrigation status information (Ketchum et al., 2020; Xie and Lark, 2021) 982 
explicitly identifying valley bottom, riparian corridors, and wetlands (Gilbert et al., 2016; US 983 
Fish & Wildlife Service, 2018; Woodward et al., 2018), or developing thermally and soil 984 
moisture derived advection diagnostics. 985 

Second, Landsat revisit intervals require temporal interpolation. Testing indicated modest 986 
sensitivity among interpolation strategies, but temporal interpolation remains a key 987 
component, particularly prior to 2000. Physically informed interpolation frameworks (Riba 988 
et al., 2025) may further reduce sampling error. Also, although RADET is demonstrated here 989 
with Landsat data, the framework is sensor-agnostic. Integration with Harmonized 990 
Landsat–Sentinel (HLS) data and downscaled VIIRS–HLS products (Xue et al., 2020; Jaafar 991 
et al., 2022) could increase revisit frequency, while higher-resolution thermal missions 992 
(e.g., ECOSTRESS, Hydrosat, TRISHNA) may further improve performance and spatial 993 
detail. 994 

Third, the physical realism of RADET can be further improved. The current framework does 995 
not explicitly represent open-water heat storage, which could be addressed explicitly (Zhao 996 
et al., 2024). The soil heat flux sub-model may also be refined, particularly over bare soil 997 
where its contribution is significant. In addition, snow processes, such as latent heat of 998 
sublimation, could be incorporated in the next version. Also, testing across tropical forests, 999 
coastal regions, and strongly advective environments, where DIF assumptions may 1000 
weaken, would help identify additional areas for improvement. 1001 
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RADET shows operational potential due to its compact formulation and modest 1002 
computational demand (Figure S19). The open-source Python pipeline and configuration of 1003 
RADET align with OpenET architecture, supporting transparency, reproducibility, and 1004 
scalable deployment (https://github.com/DRI-RAD/radet-beta). Applications extend 1005 
beyond irrigation accounting to water balance assessment, groundwater dependent 1006 
ecosystems, drought monitoring, and regional hydrology. Performance gains across 1007 
forested and shrubland systems highlight potential for water availability assessments. 1008 
Future work should include watershed-to-basin scale water balance evaluations to assess 1009 
hydrologic consistency (Khand et al., 2025).  1010 

 1011 

7 Conclusion 1012 

Medium-resolution remote sensing for ET estimation has advanced rapidly, and several 1013 
practical products have emerged in recent years. However, as highlighted by Radeloff et al. 1014 
(2024), a major remaining challenge is developing formulations that maintain physical 1015 
consistency and accuracy across contrasting land cover types and hydroclimatic regimes 1016 
Currently available approaches generally struggle to achieve this balance. This study 1017 
introduces RADET, a medium-resolution ET model designed to address this gap by 1018 
providing physically constrained and skillful ET estimates across diverse environments. 1019 

RADET is grounded in a thermodynamically constrained equilibrium framework and applies 1020 
aerodynamic enhancement when equilibrium assumption breaks down under advective 1021 
conditions. The model demonstrates consistent performance improvements in natural 1022 
land cover types relative to existing medium-resolution models that rely on Landsat data 1023 
and moderate-resolution products based on MODIS that benefit from more frequent revisit 1024 
intervals. This performance is achieved without any land cover calibration or iterative 1025 
computations that are common in many surface energy balance models, reducing 1026 
structural complexity and computational demand while maintaining physical 1027 
interpretability. 1028 

Several directions remain for future work. These include refining advection detection and 1029 
land-surface classification assumptions, extending and testing RADET beyond CONUS, 1030 
applying the formulation to additional satellite sensors, and generating fully operational 1031 
products. At the same time, future studies should explore the practical advantages of 1032 
RADET. By providing stable cross-scale ET estimates at medium-resolution, RADET enables 1033 
new analyses of heterogenous landscapes, including improved water resources 1034 
assessment and management. Advancing RADET toward broader real-world application 1035 
will require continued evaluation across climatic gradients, integration with multi-sensor 1036 
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data streams, and demonstration of operational value within medium-resolution ET 1037 
frameworks.  1038 

Findings from this study suggest that satellite-based equilibrium formulations with 1039 
conditional transport enhancement can provide physically consistent ET estimates across 1040 
spatial and temporal scales, establishing a reproducible and transparent pathway for 1041 
medium-resolution ET modeling, intercomparison, and operational deployment.  1042 
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1 
 

Appendix A: Canopy ET under the DIF assumption 

Canopy ET is primarily driven by transpiration through stomatal pores. Accordingly, we 
begin our derivation by expressing the canopy latent heat flux as a function of surface and 
aerodynamic conductances, following the bigleaf model formulation (Monteith, 1965). In 
contrast, the sensible heat flux is controlled solely by aerodynamic conductance. 

𝐿𝐿𝐿𝐿𝑐𝑐 = 𝐿𝐿𝑣𝑣𝜌𝜌
𝑔𝑔𝑐𝑐𝑔𝑔𝑎𝑎𝑎𝑎
𝑔𝑔𝑐𝑐 + 𝑔𝑔𝑎𝑎𝑎𝑎

𝑀𝑀𝑀𝑀𝑟𝑟

𝑃𝑃𝑃𝑃
[𝑒𝑒∗(𝑇𝑇𝑐𝑐) − 𝑒𝑒𝑎𝑎] (𝐴𝐴1) 

𝐻𝐻𝑐𝑐 = 𝜌𝜌𝑐𝑐𝑝𝑝𝑔𝑔𝑎𝑎𝑎𝑎(𝑇𝑇𝑐𝑐 − 𝑇𝑇𝑎𝑎) (𝐴𝐴2) 

where LEc is latent heat flux at the canopy, Hc is sensible heat flux at the canopy, Lv is latent 
heat of vaporization, cp is specific heat of dry air at constant pressure, ρ is air density, PA is 
air pressure, MWr is molecular weight ratio of water vapor versus dry air (0.622), gc is 
canopy surface conductance, gac is aerodynamic conductance for heat between canopy 
surface to the reference height, e*(Tc) is saturation water vapor at the canopy surface 
temperature Tc, and qa is reference height water vapor. Here, we assume that gac is identical 
for water vapor and heat transfer (Monin and Obukhov, 1954). 

By linearizing the saturation vapor pressure curve, the sensible heat flux can be substituted 
into the latent heat flux equation as follows  (Monteith, 1965): 

𝐿𝐿𝐿𝐿𝑐𝑐 =
𝑔𝑔𝑐𝑐

𝑔𝑔𝑐𝑐 + 𝑔𝑔𝑎𝑎𝑎𝑎
∆
𝛾𝛾
𝐻𝐻𝑐𝑐 + 𝐿𝐿𝑣𝑣𝜌𝜌

𝑔𝑔𝑐𝑐𝑔𝑔𝑎𝑎𝑎𝑎
𝑔𝑔𝑐𝑐 + 𝑔𝑔𝑎𝑎𝑎𝑎

𝑀𝑀𝑀𝑀𝑟𝑟

𝑃𝑃𝑃𝑃
𝑉𝑉𝑉𝑉𝑉𝑉𝑎𝑎 (𝐴𝐴3) 

where Δ is the slope of the saturation vapor pressure curve with respect to air temperature 
(Ta); γ is the psychrometric constant; VPDa is vapor pressure deficit at the reference height 
(i.e., 𝑉𝑉𝑉𝑉𝑉𝑉𝑎𝑎 = 𝑒𝑒∗(𝑇𝑇𝑎𝑎) − 𝑒𝑒𝑎𝑎).  

Next, we express Hc using the canopy surface energy balance, 

𝐻𝐻𝑐𝑐 = 𝑅𝑅𝑛𝑛𝑛𝑛 − 𝐿𝐿𝐿𝐿𝑐𝑐 (𝐴𝐴4𝑎𝑎) 

𝑅𝑅𝑛𝑛𝑛𝑛 = (1 − 𝜏𝜏𝑆𝑆)𝑆𝑆𝑆𝑆𝑛𝑛 + (1 − 𝜏𝜏𝐿𝐿)(𝐿𝐿𝐿𝐿𝑎𝑎𝑎𝑎𝑎𝑎 + 𝐿𝐿𝐿𝐿𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 − 2𝜀𝜀𝜀𝜀𝑇𝑇𝑐𝑐4) (𝐴𝐴4𝑏𝑏) 

where SWn is net shortwave radiation, 𝜏𝜏𝑆𝑆 and 𝜏𝜏𝐿𝐿  are shortwave and longwave transmissivity, 
respectively, LWatm is long wave radiation from atmosphere, LWsoil is longwave radiation 
emitted from soil, ε is land surface emissivity, σ is Stefan-Boltzmann constant. In Equation 
(A4b), the last term on the right-hand side represents the bidirectional longwave radiation 
emitted from the canopy. 
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In order to eliminate dependency of Rnc on land surface temperature, we introduce the 
isothermal net radiation (Rnci), which is defined as Rnc if 𝑇𝑇𝑐𝑐 = 𝑇𝑇𝑎𝑎 (Monteith, 1981; Martin, 
1989; Raupach, 2001; McColl, 2020; Kim et al., 2023). 

𝑅𝑅𝑛𝑛𝑛𝑛𝑛𝑛 = 𝑅𝑅𝑛𝑛𝑛𝑛 + 8(1 − 𝜏𝜏𝐿𝐿)𝜀𝜀𝜀𝜀𝑇𝑇𝑎𝑎3(𝑇𝑇𝑐𝑐 − 𝑇𝑇𝑎𝑎) (𝐴𝐴5) 

The last term on the right-hand side of Equation (A5) is a linearized correction accounting 
for the difference between Rnc and Rnci due to vertical temperature difference. This term can 
be expressed using sensible heat flux (Monteith, 1981): 

8(1 − 𝜏𝜏𝐿𝐿)𝜀𝜀𝜀𝜀𝑇𝑇𝑎𝑎3(𝑇𝑇𝑐𝑐 − 𝑇𝑇𝑎𝑎) =
𝑔𝑔𝑅𝑅𝑅𝑅
𝑔𝑔𝑎𝑎𝑎𝑎

𝐻𝐻𝑐𝑐 (𝐴𝐴6) 

where 𝑔𝑔𝑅𝑅𝑅𝑅(= 8(1−𝜏𝜏𝑐𝑐)𝜀𝜀𝜀𝜀𝑇𝑇𝑎𝑎3

𝜌𝜌𝑐𝑐𝑝𝑝
) is radiative conductance at canopy surface (see Equation (4a) in 

the main text). Substituting Equations (A5) and (A6) into (A4) yields: 

𝐻𝐻𝑐𝑐 =
𝑔𝑔𝑎𝑎𝑎𝑎

𝑔𝑔𝑎𝑎𝑎𝑎 + 𝑔𝑔𝑅𝑅𝑅𝑅
(𝑅𝑅𝑛𝑛𝑛𝑛𝑛𝑛 − 𝐿𝐿𝐿𝐿𝑐𝑐) (𝐴𝐴7) 

Substituting Equation (A7) into Equation (A3) yields: 

𝐿𝐿𝐿𝐿𝑐𝑐 =
𝑔𝑔𝑐𝑐

𝑔𝑔𝑐𝑐 + 𝑔𝑔𝑎𝑎𝑎𝑎
∆
𝛾𝛾

[
𝑔𝑔𝑎𝑎𝑎𝑎

𝑔𝑔𝑎𝑎𝑎𝑎 + 𝑔𝑔𝑅𝑅𝑅𝑅
(𝑅𝑅𝑛𝑛𝑛𝑛𝑛𝑛 − 𝐿𝐿𝐿𝐿𝑐𝑐)] + 𝐿𝐿𝑣𝑣𝜌𝜌

𝑔𝑔𝑐𝑐𝑔𝑔𝑎𝑎𝑎𝑎
𝑔𝑔𝑐𝑐 + 𝑔𝑔𝑎𝑎𝑎𝑎

𝑀𝑀𝑀𝑀𝑟𝑟

𝑃𝑃𝑃𝑃
𝑉𝑉𝑉𝑉𝑉𝑉𝑎𝑎 (𝐴𝐴8) 

Equation (A8) excludes any meteorological variables at the canopy surface (e.g., surface 
temperature and humidity), whose values can vary with changes in gac (Figure 1). Thus, 

under the DIF assumption (i.e., 𝜕𝜕𝐿𝐿𝐿𝐿𝑐𝑐
𝜕𝜕𝑔𝑔𝑎𝑎𝑎𝑎

= 0), we can consider all variables in Equation (A8), 

including the flux term, to be independent of gac. By taking the partial derivative of Equation 
(A8) with respect to gac and performing some algebraic manipulation (i.e., multiplying both 

sides by 𝑔𝑔𝑎𝑎𝑎𝑎(𝑔𝑔𝑐𝑐+𝑔𝑔𝑎𝑎𝑎𝑎)
𝑔𝑔𝑐𝑐

 and then substituting Equation A7), we obtain: 

0 = [−
𝑔𝑔𝑎𝑎𝑎𝑎

𝑔𝑔𝑐𝑐 + 𝑔𝑔𝑎𝑎𝑎𝑎
+

𝑔𝑔𝑅𝑅𝑅𝑅
𝑔𝑔𝑎𝑎𝑎𝑎 + 𝑔𝑔𝑅𝑅𝑅𝑅

]
∆
𝛾𝛾
𝐻𝐻𝑐𝑐 + 𝐿𝐿𝑣𝑣𝜌𝜌

𝑔𝑔𝑐𝑐𝑔𝑔𝑎𝑎𝑎𝑎
𝑔𝑔𝑐𝑐 + 𝑔𝑔𝑎𝑎𝑎𝑎

𝑀𝑀𝑀𝑀𝑟𝑟

𝑃𝑃𝑃𝑃
𝑉𝑉𝑉𝑉𝑉𝑉𝑎𝑎 (𝐴𝐴9) 

By subtracting Equation (A9) from Equation (A3), the last term on the right-hand side of 
Equation (A3) is canceled, yielding: 

𝐿𝐿𝐿𝐿𝑐𝑐 =
𝑔𝑔𝑎𝑎𝑎𝑎

𝑔𝑔𝑎𝑎𝑎𝑎 + 𝑔𝑔𝑅𝑅𝑅𝑅
∆
𝛾𝛾
𝐻𝐻𝑐𝑐 (𝐴𝐴10) 

By defining 𝜇𝜇𝑐𝑐 = 𝑔𝑔𝑎𝑎𝑎𝑎+𝑔𝑔𝑅𝑅𝑅𝑅
𝑔𝑔𝑎𝑎𝑎𝑎

 and substituting Equation (A4) (i.e., the canopy energy balance 

equation), Equation (A10) can be expressed as follows. 
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𝐿𝐿𝐿𝐿𝑐𝑐 =
∆

∆ + 𝜇𝜇𝑐𝑐𝛾𝛾
𝑅𝑅𝑛𝑛𝑛𝑛 (𝐴𝐴11) 

Equation (A11) is comparable to the equilibrium ET derivation from the DIF hypothesis by 
Raupach (2001), and it also represents the canopy component of Equation (2) in the main 
text.  However, 𝜇𝜇𝑐𝑐  still includes the gac term, which we aim to eliminate. To address this, we 
performed additional algebraic manipulation by substituting Equation (A10) into Equations 
(A4) and (A7), respectively. 

𝐻𝐻𝑐𝑐 = 𝑅𝑅𝑛𝑛𝑛𝑛 −
1
𝜇𝜇𝑐𝑐
∆
𝛾𝛾
𝐻𝐻𝑐𝑐 (𝐴𝐴12𝑎𝑎) 

𝐻𝐻𝑐𝑐 =
1
𝜇𝜇𝑐𝑐

(𝑅𝑅𝑛𝑛𝑛𝑛𝑛𝑛 −
1
𝜇𝜇𝑐𝑐
∆
𝛾𝛾
𝐻𝐻𝑐𝑐) (𝐴𝐴12𝑏𝑏) 

Next, we rearranged Equations (A12a) and (A12b) with respect to Hc and substituted them 
into each other to eliminate Hc.  

𝑅𝑅𝑛𝑛𝑛𝑛

1 + 1
𝜇𝜇𝑐𝑐
∆
𝛾𝛾

=

1
𝜇𝜇𝑐𝑐
𝑅𝑅𝑛𝑛𝑛𝑛𝑛𝑛

1 + 1
𝜇𝜇𝑐𝑐2

∆
𝛾𝛾

(𝐴𝐴13) 

By performing some algebraic manipulation, we can write: 

𝑅𝑅𝑛𝑛𝑛𝑛𝜇𝜇𝑐𝑐2 − 𝑅𝑅𝑛𝑛𝑛𝑛𝑛𝑛𝜇𝜇𝑐𝑐 −
∆
𝛾𝛾

(𝑅𝑅𝑛𝑛𝑛𝑛𝑛𝑛 − 𝑅𝑅𝑛𝑛𝑛𝑛) = 0 (𝐴𝐴14) 

By solving Equation (A14) with respect to positive 𝜇𝜇𝑐𝑐, we obtain: 

𝜇𝜇𝑐𝑐 =
𝑅𝑅𝑛𝑛𝑛𝑛𝑛𝑛 + �𝑅𝑅𝑛𝑛𝑛𝑛𝑛𝑛2 + 4∆𝛾𝛾 𝑅𝑅𝑛𝑛𝑛𝑛(𝑅𝑅𝑛𝑛𝑛𝑛𝑛𝑛 − 𝑅𝑅𝑛𝑛𝑛𝑛)

2𝑅𝑅𝑛𝑛𝑛𝑛
(𝐴𝐴15) 

At this stage, the expression for 𝜇𝜇𝑐𝑐  no longer depends on gac. Equation (A15) is equivalent to 
Equation (3a) in the main text.  
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Appendix B: Soil ET under the DIF assumption 

The derivation of soil ET under the DIF assumption follows a similar procedure to that of the 
canopy component. Therefore, this section largely repeats the content of Appendix A. 
However, we provide a standalone Appendix B for the soil component to highlight several 
key differences. In particular, the parameterization of water stress and the inclusion of soil 
heat flux introduce slight variations in both the derivation and the resulting equations. 

Unlike canopy evapotranspiration, which is primarily regulated by stomatal pores, soil 
evaporation is constrained by the soil surface water potential. This water potential can be 
represented by the relative humidity at the surface–air interface (Novak, 2019). Accordingly, 
we parameterize the latent heat flux at the soil surface as follows (Monteith, 1981; Kim et 
al., 2021): 

𝐿𝐿𝐿𝐿𝑠𝑠 = 𝐿𝐿𝑣𝑣𝜌𝜌𝑔𝑔𝑎𝑎𝑎𝑎
𝑀𝑀𝑀𝑀𝑟𝑟

𝑃𝑃𝑃𝑃
[𝑅𝑅𝑅𝑅𝑠𝑠𝑒𝑒∗(𝑇𝑇𝑠𝑠) − 𝑒𝑒𝑎𝑎] (𝐵𝐵1) 

𝐻𝐻𝑠𝑠 = 𝜌𝜌𝑐𝑐𝑝𝑝𝑔𝑔𝑎𝑎𝑎𝑎(𝑇𝑇𝑠𝑠 − 𝑇𝑇𝑎𝑎) (𝐵𝐵2) 

where LEs is latent heat flux at the soil, Hs is sensible heat flux at the soil, gas is aerodynamic 
conductance for heat and water vapor between soil surface to the reference height, RHs is 
relative humidity at the soil surface, and Ts is soil surface temperature.  

While gc was assumed to be independent of gac in the canopy model, RHs, representing 
water potential, is similarly assumed to be independent of gas in the soil model. Also, we 
assume same land surface temperature for canopy and soil at daily time scale. 

By linearizing the saturation vapor pressure curve, the sensible heat flux can be substituted 
into the latent heat flux equation as follows (Monteith, 1981; Kim et al., 2021): 

𝐿𝐿𝐿𝐿𝑠𝑠 =
𝑅𝑅𝑅𝑅𝑠𝑠∆
𝛾𝛾

𝐻𝐻𝑠𝑠 + 𝐿𝐿𝑣𝑣𝜌𝜌𝑔𝑔𝑎𝑎𝑎𝑎
𝑀𝑀𝑀𝑀𝑟𝑟

𝑃𝑃𝑃𝑃
[𝑅𝑅𝑅𝑅𝑠𝑠𝑒𝑒∗(𝑇𝑇𝑎𝑎) − 𝑒𝑒𝑎𝑎] (𝐵𝐵3) 

Next, we express Hs using the soil surface energy balance. 

𝐻𝐻𝑠𝑠 = 𝑅𝑅𝑛𝑛𝑛𝑛 − 𝐺𝐺 − 𝐿𝐿𝐿𝐿𝑠𝑠 (𝐵𝐵4𝑎𝑎) 

𝑅𝑅𝑛𝑛𝑛𝑛 = 𝜏𝜏𝑆𝑆𝑆𝑆𝑆𝑆𝑛𝑛 + 𝜏𝜏𝐿𝐿𝐿𝐿𝐿𝐿𝑎𝑎𝑎𝑎𝑎𝑎 + (1 − 𝜏𝜏𝐿𝐿)𝐿𝐿𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 − 𝜀𝜀𝜀𝜀𝑇𝑇𝑠𝑠4 (𝐵𝐵4𝑏𝑏) 

where Rns is net radiation at soil surface, G is soil heat flux, LWcanopy is longwave radiation 
emitted from canopy. In Equation (B4b), the last term on the right-hand side represents 
longwave radiation emitted from the canopy.  

As for soil heat flux, we express it using a “one-layer” model (Raupach, 2001; McColl, 
2020): 
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𝐺𝐺 =
𝑘𝑘𝑔𝑔
𝑑𝑑𝑔𝑔
�𝑇𝑇𝑠𝑠 − 𝑇𝑇𝑔𝑔� (𝐵𝐵5) 

where kg is the thermal conductivity of the soil, dg  is a soil storage length scale, and Tg is a 
specified bulk temperature for the thermal store, representing the subsurface temperature. 
Specifically, dg and Tg are defined as the depth and corresponding temperature, 
respectively, below which temperature is not directly influenced by aerodynamic exchange 

at the daily time scale. Here, 
𝑘𝑘𝑔𝑔
𝑑𝑑𝑔𝑔

 is treated here as an effective conductive exchange 

coefficient. 

The isothermal available energy at the soil surface can be defined as follows model 
(Raupach, 2001; McColl, 2020): 

𝑅𝑅𝑛𝑛𝑛𝑛𝑛𝑛 − 𝐺𝐺𝑖𝑖�������
𝐴𝐴𝐴𝐴𝑠𝑠𝑠𝑠

= 𝑅𝑅𝑛𝑛𝑛𝑛 − 𝐺𝐺�����
𝐴𝐴𝐴𝐴𝑠𝑠

+ [4𝜀𝜀𝜀𝜀𝑇𝑇𝑎𝑎3 +
𝑘𝑘𝑔𝑔
𝑑𝑑𝑔𝑔

](𝑇𝑇𝑠𝑠 − 𝑇𝑇𝑎𝑎) (𝐵𝐵6) 

where AEs is available energy at the soil surface, and AEsi represents isothermal available 
energy at the soil surface. The last term on the right-hand side of Equation (B6) is a 
linearized correction due to vertical temperature difference. This term can be expressed 
using sensible heat flux: 

[4𝜀𝜀𝜀𝜀𝑇𝑇𝑎𝑎3 +
𝑘𝑘𝑔𝑔
𝑑𝑑𝑔𝑔

](𝑇𝑇𝑠𝑠 − 𝑇𝑇𝑎𝑎) =
𝑔𝑔𝑅𝑅𝑅𝑅
𝑔𝑔𝑎𝑎𝑎𝑎

𝐻𝐻𝑠𝑠 (𝐵𝐵7) 

where 𝑔𝑔𝑅𝑅𝑅𝑅(= 4𝜀𝜀𝜀𝜀𝑇𝑇𝑎𝑎3+𝑘𝑘𝑔𝑔/𝑑𝑑𝑔𝑔
𝜌𝜌𝑐𝑐𝑝𝑝

) is radiative conductance at soil surface (see Equation (4b) in the 

main text). Substituting Equations (B6) and (B7) into (B4) yields: 

𝐻𝐻𝑠𝑠 =
𝑔𝑔𝑎𝑎𝑎𝑎

𝑔𝑔𝑎𝑎𝑎𝑎 + 𝑔𝑔𝑅𝑅𝑅𝑅
(𝐴𝐴𝐴𝐴𝑠𝑠𝑠𝑠 − 𝐿𝐿𝐿𝐿𝑠𝑠) (𝐵𝐵8) 

Substituting Equation (B8) into Equation (B3) yields: 

𝐿𝐿𝐿𝐿𝑠𝑠 =
𝑅𝑅𝑅𝑅𝑠𝑠∆
𝛾𝛾

[
𝑔𝑔𝑎𝑎𝑎𝑎

𝑔𝑔𝑎𝑎𝑎𝑎 + 𝑔𝑔𝑅𝑅𝑅𝑅
(𝐴𝐴𝐴𝐴𝑠𝑠𝑠𝑠 − 𝐿𝐿𝐿𝐿𝑠𝑠)] + 𝐿𝐿𝑣𝑣𝜌𝜌𝑔𝑔𝑎𝑎𝑎𝑎

𝑀𝑀𝑀𝑀𝑟𝑟

𝑃𝑃𝑃𝑃
[𝑅𝑅𝑅𝑅𝑠𝑠𝑒𝑒∗(𝑇𝑇𝑎𝑎) − 𝑒𝑒𝑎𝑎] (𝐵𝐵9) 

Equation (B9) excludes any meteorological variables at the soil surface (e.g., surface 
temperature and humidity), whose values can vary with changes in gas (Figure 1). Thus, 

under the DIF assumption (i.e., 𝜕𝜕𝐿𝐿𝐿𝐿𝑠𝑠
𝜕𝜕𝑔𝑔𝑎𝑎𝑎𝑎

= 0), we can consider all variables in Equation (B9), 

including the flux term, to be independent of gas. By taking the partial derivative of Equation 
(B9) with respect to gas and performing some algebraic manipulation (i.e., multiplying both 
sides by gas and then substituting Equation B8), we obtain: 
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0 =
𝑔𝑔𝑅𝑅𝑅𝑅

𝑔𝑔𝑎𝑎𝑎𝑎 + 𝑔𝑔𝑅𝑅𝑅𝑅
𝑅𝑅𝑅𝑅𝑠𝑠∆
𝛾𝛾

𝐻𝐻𝑠𝑠 + 𝐿𝐿𝑣𝑣𝜌𝜌𝑔𝑔𝑎𝑎𝑎𝑎
𝑀𝑀𝑀𝑀𝑟𝑟

𝑃𝑃𝑃𝑃
[𝑅𝑅𝑅𝑅𝑠𝑠𝑒𝑒∗(𝑇𝑇𝑎𝑎) − 𝑒𝑒𝑎𝑎] (𝐵𝐵10) 

By subtracting Equation (B10) from Equation (B3), the last term on the right-hand side of 
Equation (B3) is canceled, yielding: 

𝐿𝐿𝐿𝐿𝑠𝑠 =
𝑔𝑔𝑎𝑎𝑎𝑎

𝑔𝑔𝑎𝑎𝑎𝑎 + 𝑔𝑔𝑅𝑅𝑅𝑅
𝑅𝑅𝑅𝑅𝑠𝑠∆
𝛾𝛾

𝐻𝐻𝑠𝑠 (𝐵𝐵11) 

By defining 𝜇𝜇𝑠𝑠 = 𝑔𝑔𝑎𝑎𝑎𝑎+𝑔𝑔𝑅𝑅𝑅𝑅
𝑔𝑔𝑎𝑎𝑎𝑎

 and substituting Equation (B4) (i.e., the soil surface energy balance 

equation), Equation (B11) can be expressed as follows. 

𝐿𝐿𝐿𝐿𝑠𝑠 =
𝑅𝑅𝑅𝑅𝑠𝑠∆

𝑅𝑅𝑅𝑅𝑠𝑠∆ + 𝜇𝜇𝑠𝑠𝛾𝛾
(𝑅𝑅𝑛𝑛𝑛𝑛 − 𝐺𝐺) (𝐵𝐵12) 

Equation (B12) represents the soil component of Equation (2) in the main text. 

Next, we eliminate gas from 𝜇𝜇𝑠𝑠 by performing additional algebraic manipulation. 
Substituting Equation (B11) into Equations (B4) and (B8), respectively. 

𝐻𝐻𝑠𝑠 = 𝐴𝐴𝐴𝐴𝑠𝑠 −
1
𝜇𝜇𝑠𝑠
𝑅𝑅𝑅𝑅𝑠𝑠∆
𝛾𝛾

𝐻𝐻𝑠𝑠 (𝐵𝐵13𝑎𝑎) 

𝐻𝐻𝑠𝑠 =
1
𝜇𝜇𝑠𝑠

(𝐴𝐴𝐴𝐴𝑠𝑠𝑠𝑠 −
1
𝜇𝜇𝑠𝑠
𝑅𝑅𝑅𝑅𝑠𝑠∆
𝛾𝛾

𝐻𝐻𝑠𝑠) (𝐵𝐵13𝑏𝑏) 

Rearranging Equations (B13a) and (B13b) with respect to Hs and substituted them into each 
other to eliminate Hs.  

𝐴𝐴𝐴𝐴𝑠𝑠

1 + 1
𝜇𝜇𝑠𝑠
𝑅𝑅𝑅𝑅𝑠𝑠∆
𝛾𝛾

=

1
𝜇𝜇𝑠𝑠
𝐴𝐴𝐴𝐴𝑠𝑠𝑠𝑠

1 + 1
𝜇𝜇𝑠𝑠2

𝑅𝑅𝑅𝑅𝑠𝑠∆
𝛾𝛾

(𝐵𝐵14) 

By performing some algebraic manipulation, we can write: 

𝐴𝐴𝐴𝐴𝑠𝑠𝜇𝜇𝑠𝑠2 − 𝐴𝐴𝐴𝐴𝑠𝑠𝑠𝑠𝜇𝜇𝑠𝑠 −
𝑅𝑅𝑅𝑅𝑠𝑠∆
𝛾𝛾

(𝐴𝐴𝐴𝐴𝑠𝑠𝑠𝑠 − 𝐴𝐴𝐴𝐴𝑠𝑠) = 0 (𝐵𝐵15) 

By solving Equation (B15) with respect to positive 𝜇𝜇𝑠𝑠, we obtain: 

𝜇𝜇𝑠𝑠 =
𝐴𝐴𝐴𝐴𝑠𝑠𝑠𝑠 + �𝐴𝐴𝐴𝐴𝑠𝑠𝑠𝑠2 + 4𝑅𝑅𝑅𝑅𝑠𝑠∆𝛾𝛾 𝐴𝐴𝐴𝐴𝑠𝑠(𝐴𝐴𝐴𝐴𝑠𝑠𝑠𝑠 − 𝐴𝐴𝐴𝐴𝑠𝑠)

2𝐴𝐴𝐴𝐴𝑠𝑠
(𝐵𝐵16) 

At this stage, the expression for 𝜇𝜇𝑠𝑠 no longer depends on gas. Equation (B16) is equivalent to 
Equation (3b) in the main text. 
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While all variables in this Appendix can be directly derived as described in the main text or 

other appendices, the effective soil conductive exchange coefficient (
𝑘𝑘𝑔𝑔
𝑑𝑑𝑔𝑔

, MJ m-2 K-1 d-1) 

introduced in Equation (B5) requires an additional model. Here, dg represents an effective 
soil thermal damping depth beyond which temperature fluctuations are weakly coupled to 
atmospheric forcing at daily time scales. Although conceptually straightforward, the 
corresponding soil storage length scale is not uniquely prescribed by first principles, owing 
to the continuous nature of subsurface heat conduction and its dependence on soil 
thermal properties (Kim et al., 2023). 

To constrain dg in a physically consistent yet parsimonious manner, we adopt a steady-
state force–restore framework (Bhumralkar, 1975), interpreting dg as the thermal damping 
depth associated with periodic surface temperature forcing. Surface–atmospheric 
exchange introduces high-frequency soil surface temperature variations that decay 
exponentially with depth through conductive diffusion. 

By introducing soil thermal inertia, the ratio of soil thermal conductivity to damping depth 
can be further simplified as follows (Huang and Wang, 2016): 

𝑘𝑘𝑔𝑔
𝑑𝑑𝑔𝑔

= 𝐼𝐼𝑠𝑠�
𝜔𝜔
2

86400
106

(𝐵𝐵17) 

where 𝐼𝐼𝑠𝑠 is the thermal inertia of the soil (J m-2 K-1 s-1/2), and ω is the fundamental diurnal 
angular frequency (𝜔𝜔 = 2𝜋𝜋/86400 𝑠𝑠−1). 

Observed soil thermal inertia spans a relatively narrow range, with values around 800 for 
dry soils and up to 1500 for pure water (Bennett et al., 2008; Huang and Wang, 2016). 
Sensitivity tests conducted over an 𝐼𝐼𝑠𝑠 range of 800-1500 show weak impacts on ET 
estimates. Accordingly, we adopt a constant value of 𝐼𝐼𝑠𝑠 = 1000 J m-2 K-1 s-1/2 for 
parsimonious estimation.  
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Appendix C: A constraint for canopy surface temperature (Equation 11) 

With given aerodynamic surface temperature (Taero), the daily total sensible heat flux can be 
written as: 

𝐻𝐻 = 𝜌𝜌𝑐𝑐𝑝𝑝𝑔𝑔𝑎𝑎𝑎𝑎(𝑇𝑇𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 − 𝑇𝑇𝑎𝑎) (𝐶𝐶1) 

where gaH is the daily aerodynamic conductance for heat.  

At instantaneous daytime scales, it is well established that radiometric land surface 
temperature (LST) is not strictly equivalent to Taero, due to differences in radiative and 
aerodynamic source areas. However, when averaged over a daily timescale, these 
differences are substantially reduced as diurnal variability in surface thermal heterogeneity 
and turbulent exchange is integrated out. As a result, the discrepancy between Taero and LST 
becomes small. Accordingly, we approximate Taero using LST in Eq. (C1).  

𝐻𝐻 ≈ 𝜌𝜌𝑐𝑐𝑝𝑝𝑔𝑔𝑎𝑎𝑎𝑎(𝐿𝐿𝐿𝐿𝐿𝐿 − 𝑇𝑇𝑎𝑎) (𝐶𝐶2) 

Here, all variables represent daily average value. 

The ratio between the canopy sensible heat flux (Equation A2) and the total sensible heat 
flux (Equation C2) can then be expressed as: 

𝐻𝐻𝑐𝑐
𝐻𝐻

=
𝜌𝜌𝑐𝑐𝑝𝑝𝑔𝑔𝑎𝑎𝑎𝑎(𝑇𝑇𝑐𝑐 − 𝑇𝑇𝑎𝑎)
𝜌𝜌𝑐𝑐𝑝𝑝𝑔𝑔𝑎𝑎𝑎𝑎(𝐿𝐿𝐿𝐿𝐿𝐿 − 𝑇𝑇𝑎𝑎)

(𝐶𝐶3) 

From the single source perspective, the canopy surface can be considered to function 
aerodynamically as the land surface itself. In other words, surface temperature is 
interpreted as the temperature at the displacement height, which is typically 60–70% of 
canopy height (Knauer et al., 2018). Under this interpretation, the aerodynamic 
conductance for the whole surface is reasonably approximated by the aerodynamic 
conductance of the canopy layer. Therefore, we can set 𝑔𝑔𝑎𝑎𝑎𝑎 ≈ 𝑔𝑔𝑎𝑎𝑎𝑎, and Equation (C3) 
simplifies to: 

𝑇𝑇𝑐𝑐 − 𝑇𝑇𝑎𝑎
𝐿𝐿𝐿𝐿𝐿𝐿 − 𝑇𝑇𝑎𝑎

=
𝐻𝐻𝑐𝑐
𝐻𝐻

(𝐶𝐶4) 

With the DIF constrain, total and canopy sensible heat fluxes can be written as: 

𝐻𝐻𝑐𝑐 =
𝜇𝜇𝑐𝑐𝛾𝛾

∆ + 𝜇𝜇𝑐𝑐𝛾𝛾
𝑅𝑅𝑛𝑛𝑛𝑛  (𝐶𝐶5𝑎𝑎) 

𝐻𝐻 =
𝜇𝜇𝑐𝑐𝛾𝛾

∆ + 𝜇𝜇𝑐𝑐𝛾𝛾
𝑅𝑅𝑛𝑛𝑛𝑛 +

𝜇𝜇𝑠𝑠𝛾𝛾
𝑅𝑅𝑅𝑅𝑠𝑠∆ + 𝜇𝜇𝑠𝑠𝛾𝛾

(𝑅𝑅𝑛𝑛𝑛𝑛 − 𝐺𝐺) (𝐶𝐶5𝑏𝑏) 

Substituting Equations (C5a) and (C5b) into Equation (C4) gives: 
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𝑇𝑇𝑐𝑐 − 𝑇𝑇𝑎𝑎
𝐿𝐿𝐿𝐿𝐿𝐿 − 𝑇𝑇𝑎𝑎

=

𝜇𝜇𝑐𝑐𝛾𝛾
∆ + 𝜇𝜇𝑐𝑐𝛾𝛾

𝑅𝑅𝑛𝑛𝑛𝑛
𝜇𝜇𝑐𝑐𝛾𝛾

∆ + 𝜇𝜇𝑐𝑐𝛾𝛾
𝑅𝑅𝑛𝑛𝑛𝑛 + 𝜇𝜇𝑠𝑠𝛾𝛾

𝑅𝑅𝑅𝑅𝑠𝑠∆ + 𝜇𝜇𝑠𝑠𝛾𝛾
(𝑅𝑅𝑛𝑛𝑛𝑛 − 𝐺𝐺)

(𝐶𝐶6) 

By assuming soil heat flux is relatively negligible at the daily timescale, we can write: 

𝑇𝑇𝑐𝑐 − 𝑇𝑇𝑎𝑎
𝐿𝐿𝐿𝐿𝐿𝐿 − 𝑇𝑇𝑎𝑎

=

𝜇𝜇𝑐𝑐𝛾𝛾
∆ + 𝜇𝜇𝑐𝑐𝛾𝛾

𝑓𝑓𝑐𝑐
𝜇𝜇𝑐𝑐𝛾𝛾

∆ + 𝜇𝜇𝑐𝑐𝛾𝛾
𝑓𝑓𝑐𝑐 + 𝜇𝜇𝑠𝑠𝛾𝛾

𝑅𝑅𝑅𝑅𝑠𝑠∆ + 𝜇𝜇𝑠𝑠𝛾𝛾
(1 − 𝑓𝑓𝑐𝑐)

(𝐶𝐶7) 

where fc is fractional vegetation cover and represents the fraction of net radiation absorbed 
by the canopy (Norman et al., 1995).  

Rearranging Equation (C7) gives Equations (11a) and (11b) in the main text. 
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Appendix D: soil surface relative humidity (Equation 18) 

We directly derive soil surface relative humidity (RHs) from the ETDIF formulation to ensure 
physical consistency. To achieve this, we first substitute Equation (B11) into Equation (B3), 
which yields: 

−
𝜇𝜇𝑠𝑠 − 1
𝜇𝜇𝑠𝑠

𝑅𝑅𝑅𝑅𝑠𝑠∆
𝛾𝛾

𝐻𝐻𝑠𝑠 = 𝐿𝐿𝑣𝑣𝜌𝜌𝑔𝑔𝑎𝑎𝑎𝑎
𝑀𝑀𝑀𝑀𝑟𝑟

𝑃𝑃𝑃𝑃
[𝑅𝑅𝑅𝑅𝑠𝑠𝑒𝑒∗(𝑇𝑇𝑎𝑎) − 𝑒𝑒𝑎𝑎] (𝐷𝐷1) 

Substituting the soil sensible heat flux formulation (Equation B2) into Equation (D1), we 
simplify it as follows: 

−
𝜇𝜇𝑠𝑠 − 1
𝜇𝜇𝑠𝑠

𝑅𝑅𝑅𝑅𝑠𝑠∆(𝑇𝑇𝑠𝑠 − 𝑇𝑇𝑎𝑎) = 𝑅𝑅𝑅𝑅𝑠𝑠𝑒𝑒∗(𝑇𝑇𝑎𝑎) − 𝑒𝑒𝑎𝑎 (𝐷𝐷2) 

Rearranging for RHs yields: 

𝑅𝑅𝑅𝑅𝑠𝑠 =
𝑒𝑒𝑎𝑎

𝑒𝑒∗(𝑇𝑇𝑎𝑎) + ∆(𝑇𝑇𝑠𝑠 − 𝑇𝑇𝑎𝑎) 𝜇𝜇𝑠𝑠 − 1
𝜇𝜇𝑠𝑠

(𝐷𝐷3) 

Equation (D3) is equivalent to Equation (20) in the main text. 
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Appendix E: Reintroducing 𝝏𝝏𝝏𝝏𝝏𝝏
𝝏𝝏𝒈𝒈𝒂𝒂

 under relaxation of the DIF hypothesis  

We derive the ET formulation obtained when the DIF hypothesis is relaxed. In the canopy 

derivation (Appendix A), if 𝜕𝜕𝐿𝐿𝐿𝐿𝑐𝑐
𝜕𝜕𝑔𝑔𝑎𝑎𝑎𝑎

≠ 0, then Equation (A11) must retain 𝜕𝜕𝐿𝐿𝐿𝐿𝑐𝑐
𝜕𝜕𝑔𝑔𝑎𝑎𝑎𝑎

 as follows: 

𝐿𝐿𝐿𝐿𝑐𝑐 =
∆

∆ + 𝜇𝜇𝑐𝑐𝛾𝛾
𝑅𝑅𝑛𝑛𝑛𝑛 +

∆ + 𝜇𝜇𝑐𝑐𝛾𝛾∗

∆ + 𝜇𝜇𝑐𝑐𝛾𝛾
𝑔𝑔𝑎𝑎𝑎𝑎

𝜕𝜕𝐿𝐿𝐿𝐿𝑐𝑐
𝜕𝜕𝑔𝑔𝑎𝑎𝑎𝑎

(𝐸𝐸1𝑎𝑎) 

𝛾𝛾∗ = 𝛾𝛾(1 +
𝑔𝑔𝑎𝑎𝑎𝑎
𝑔𝑔𝑐𝑐

) (𝐸𝐸1𝑏𝑏) 

Similarly, in the soil derivation (Appendix B), if 𝜕𝜕𝐿𝐿𝐿𝐿𝑠𝑠
𝜕𝜕𝑔𝑔𝑎𝑎𝑎𝑎

≠ 0, then Equation (B12) becomes: 

𝐿𝐿𝐿𝐿𝑠𝑠 =
𝑅𝑅𝑅𝑅𝑠𝑠∆

𝑅𝑅𝑅𝑅𝑠𝑠∆ + 𝜇𝜇𝑠𝑠𝛾𝛾
(𝑅𝑅𝑛𝑛𝑛𝑛 − 𝐺𝐺) + 𝑔𝑔𝑎𝑎𝑎𝑎

𝜕𝜕𝐿𝐿𝐿𝐿𝑠𝑠
𝜕𝜕𝑔𝑔𝑎𝑎𝑎𝑎

(𝐸𝐸2) 

Summing the canopy and soil components yields: 

𝐿𝐿𝐿𝐿 = [
∆

∆ + 𝜇𝜇𝑐𝑐𝛾𝛾
𝑅𝑅𝑛𝑛𝑛𝑛 +

𝑅𝑅𝑅𝑅𝑠𝑠∆
𝑅𝑅𝑅𝑅𝑠𝑠∆ + 𝜇𝜇𝑠𝑠𝛾𝛾

(𝑅𝑅𝑛𝑛𝑛𝑛 − 𝐺𝐺)]
�������������������������

𝐸𝐸𝐸𝐸𝐷𝐷𝐷𝐷𝐷𝐷

+ [
∆ + 𝜇𝜇𝑐𝑐𝛾𝛾∗

∆ + 𝜇𝜇𝑐𝑐𝛾𝛾
𝑔𝑔𝑎𝑎𝑎𝑎

𝜕𝜕𝐿𝐿𝐿𝐿𝑐𝑐
𝜕𝜕𝑔𝑔𝑎𝑎𝑎𝑎

+ 𝑔𝑔𝑎𝑎𝑎𝑎
𝜕𝜕𝐿𝐿𝐿𝐿𝑠𝑠
𝜕𝜕𝑔𝑔𝑎𝑎𝑎𝑎

]
���������������������

𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡

(𝐸𝐸3) 

This formulation demonstrates that ET can be expressed as the sum of ETDIF and an 
additional aerodynamic term when the DIF hypothesis is relaxed. A key challenge, however, 
is that the aerodynamic term in Equation (E3) depends on both surface and aerodynamic 
conductances, as well as the sensitivity of ET to aerodynamic conductance, which is 
difficult to quantify from first principles. To address this limitation, we propose the RADET 
model, which represents ET as the sum of ETDIF  and a Penman’s aerodynamic term. In this 
formulation, PTJPL-style constraint functions are introduced to the aerodynamic term.  

Again, when the DIF hypothesis holds, Equation (E3) reduces to: 

𝐿𝐿𝐿𝐿 = [
∆

∆ + 𝜇𝜇𝑐𝑐𝛾𝛾
𝑅𝑅𝑛𝑛𝑛𝑛 +

𝑅𝑅𝑅𝑅𝑠𝑠∆
𝑅𝑅𝑅𝑅𝑠𝑠∆ + 𝜇𝜇𝑠𝑠𝛾𝛾

(𝑅𝑅𝑛𝑛𝑛𝑛 − 𝐺𝐺)]
�������������������������

𝐸𝐸𝐸𝐸𝐷𝐷𝐷𝐷𝐷𝐷

+ [
∆ + 𝜇𝜇𝑐𝑐𝛾𝛾∗

∆ + 𝜇𝜇𝑐𝑐𝛾𝛾
𝑔𝑔𝑎𝑎𝑎𝑎

𝜕𝜕𝐿𝐿𝐿𝐿𝑐𝑐
𝜕𝜕𝑔𝑔𝑎𝑎𝑎𝑎

�

𝜕𝜕𝐿𝐿𝐿𝐿𝑐𝑐
𝜕𝜕𝑔𝑔𝑎𝑎𝑎𝑎

 ≈ 0

+ 𝑔𝑔𝑎𝑎𝑎𝑎
𝜕𝜕𝐿𝐿𝐿𝐿𝑠𝑠
𝜕𝜕𝑔𝑔𝑎𝑎𝑎𝑎

�

𝜕𝜕𝐿𝐿𝐿𝐿𝑠𝑠
𝜕𝜕𝑔𝑔𝑎𝑎𝑎𝑎

 ≈ 0

]
�����������������������

𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡

(𝐸𝐸4𝑎𝑎) 

∴ 𝐿𝐿𝐿𝐿 =
∆

∆ + 𝜇𝜇𝑐𝑐𝛾𝛾
𝑅𝑅𝑛𝑛𝑛𝑛 +

𝑅𝑅𝑅𝑅𝑠𝑠∆
𝑅𝑅𝑅𝑅𝑠𝑠∆ + 𝜇𝜇𝑠𝑠𝛾𝛾

(𝑅𝑅𝑛𝑛𝑛𝑛 − 𝐺𝐺)
�������������������������

𝐸𝐸𝐸𝐸𝐷𝐷𝐷𝐷𝐷𝐷

(𝐸𝐸4𝑏𝑏) 

indicating that ET is fully determined by ETDIF, without any additional aerodynamic 
contribution.  
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Appendix F: Statistical metrics 

The Root Mean Square Error (RMSE) was calculated as 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = ��
(𝑃𝑃𝑖𝑖 − 𝑂𝑂𝑖𝑖)2

𝑛𝑛

𝑛𝑛

𝑖𝑖=1

(𝐹𝐹1) 

where 𝑂𝑂𝑖𝑖 is the observed ET, 𝑃𝑃𝑖𝑖  is the model predicted ET, and 𝑛𝑛 is the total number of 
paired model-measured ET data points. 

The Mean Absolute Error (MAE) was calculated as 

𝑀𝑀𝑀𝑀𝑀𝑀 =
1
𝑛𝑛
� |𝑃𝑃𝑖𝑖 − 𝑂𝑂𝑖𝑖|
𝑛𝑛

𝑖𝑖=1

(𝐹𝐹2) 

and the Mean Bias Error (MBE) was calculated as 

𝑀𝑀𝑀𝑀𝑀𝑀 =
1
𝑛𝑛
�(𝑃𝑃𝑖𝑖 − 𝑂𝑂𝑖𝑖)
𝑛𝑛

𝑖𝑖=1

(𝐹𝐹3) 

The Nash-Sutcliffe Efficiency (NSE) (Nash and Sutcliffe, 1970) was calculated as 

𝑁𝑁𝑁𝑁𝑁𝑁 = 1 −
∑ (𝑃𝑃𝑖𝑖 − 𝑂𝑂𝑖𝑖)2𝑛𝑛
𝑖𝑖=1

∑ (𝜇𝜇𝑜𝑜 − 𝑂𝑂𝑖𝑖)2𝑛𝑛
𝑖𝑖=1

(𝐹𝐹4) 

where 𝜇𝜇𝑜𝑜 is the observed mean. 

The Kling-Gupta Efficiency (KGE) (Gupta et al., 2009) was calculated as 

𝐾𝐾𝐾𝐾𝐾𝐾 = 1 −�(𝑟𝑟 − 1)2 + (𝛼𝛼 − 1)2 + (𝛽𝛽 − 1)2 (𝐹𝐹5𝑎𝑎) 

𝛼𝛼 =
𝜎𝜎𝑃𝑃
𝜎𝜎𝑜𝑜

(𝐹𝐹5𝑏𝑏) 

𝛽𝛽 =
𝜇𝜇𝑃𝑃
𝜇𝜇𝑜𝑜

(𝐹𝐹5𝑐𝑐) 

where 𝑟𝑟 is the Pearson correlation coefficient, 𝜎𝜎𝑜𝑜 and 𝜎𝜎𝑃𝑃  are the standard deviation of the 
predicted and observed values, respectively, 𝜇𝜇𝑃𝑃 is the predicted mean. 

While the regression slopes were estimated by forcing the model through the origin in one-
on-one figures to emphasize proportional bias, the coefficient of determination (𝑅𝑅2) 
reported were calculated as the square of the Pearson correlation coefficient (𝑟𝑟2). 

  



13 
 

Appendix Reference 

Bennett, W.B., Wang, J., Bras, R.L., 2008. Estimation of Global Ground Heat Flux. J. 
Hydrometeorol., 9, 744-759. https://doi.org/10.1175/2008JHM940.1  

Bhumralkar, C.M., 1975. Numerical experiments on the computation of ground surface 
temperature in an atmospheric general circulation model. J. Appl. Meteorol. 
Climatol., 14, 1246–1258. https://doi.org/10.1175/1520-
0450(1975)014%3C1246:NEOTCO%3E2.0.CO;2  

Gupta, H.V., Kling, H., Yilmaz, K.K., Martinez, G.F., 2009. Decomposition of the mean 
squared error and NSE performance criteria: Implications for improving hydrological 
modelling. J. Hydrol., 377, 80-91. https://doi.org/10.1016/j.jhydrol.2009.08.003  

Huang, S.-Y., Wang, J., 2016. A coupled force-restore model of surface temperature and soil 
moisture using the maximum entropy production model of heat fluxes. J. Geophys. 
Res. Atmos., 121, 7528-7547. https://doi.org/10.1002/2015JD024586  

Kim, Y., Garcia, M., Black, T.A., Johnson, M., 2023. Assessing the complementary role of 
surface flux equilibrium (SFE) theory and maximum entropy production (MEP) 
principle in the estimation of actual evapotranspiration. J. Adv. Model. Earth Syst., 
15, e2022MS003224. https://doi.org/10.1029/2022MS003224  

Kim, Y., Garcia, M., Morillas, L., Weber, U., Black, T.A., Johnson, M.S., 2021. Relative 
humidity gradients as a key constraint on terrestrial water and energy fluxes. Hydrol. 
Earth Syst. Sci., 25, 5175-5191. https://doi.org/10.5194/hess-25-5175-2021  

Knauer, J., El-Madany, T.S., Zaehle, S., Migliavacca, M., 2018. Bigleaf—An R package for the 
calculation of physical and physiological ecosystem properties from eddy 
covariance data. PLOS ONE, 13, e0201114. 
https://doi.org/10.1371/journal.pone.0201114  

Martin, P., 1989. The significance of radiative coupling between vegetation and the 
atmosphere. Agr. Forest Meteorol., 49, 45-53. https://doi.org/10.1016/0168-
1923(89)90061-0  

McColl, K.A., 2020. Practical and theoretical benefits of an alternative to the Penman-
Monteith evapotranspiration equation. Water Resour. Res., 56, e2020WR027106. 
https://doi.org/10.1029/2020wr027106  

Monin, A.S., Obukhov, A.M., 1954. Basic laws of turbulent mixing in the surface layer of the 
atmosphere. Contrib. Geophys. Inst. Acad. Sci. USSR, 151, e187.  

Monteith, J.L., 1965. Evaporation and environment. In, Symposia of the society for 
experimental biology (pp. 205-234): Cambridge University Press (CUP) Cambridge 

Monteith, J.L., 1981. Evaporation and surface temperature. Q. J. Roy. Meteorol. Soc., 107, 1-
27. https://doi.org/10.1002/qj.49710745102  

Nash, J.E., Sutcliffe, J.V., 1970. River flow forecasting through conceptual models part I — A 
discussion of principles. J. Hydrol., 10, 282-290. 
https://doi.org/https://doi.org/10.1016/0022-1694(70)90255-6  

Norman, J.M., Kustas, W.P., Humes, K.S., 1995. Source approach for estimating soil and 
vegetation energy fluxes in observations of directional radiometric surface 
temperature. Agr. Forest Meteorol., 77, 263-293. https://doi.org/10.1016/0168-
1923(95)02265-Y  



14 
 

Novak, M.D., 2019. Validity of assuming equilibrium between liquid water and vapor for 
simulating evaporation. Water Resour. Res., 55, 9858-9872. 
https://doi.org/10.1029/2019WR025113  

Raupach, M.R., 2001. Combination theory and equilibrium evaporation. Q. J. Roy. Meteorol. 
Soc., 127, 1149-1181. https://doi.org/10.1002/qj.49712757402  

 



 1 

Supplementary Materials for “Thermodynamically constrained surface 
energy balance using medium-resolution remote sensing for efficient 
evapotranspiration mapping” 

Yeonuk Kima,*, Justin L Huntingtona, Bruno Comini de Andradeb, Mark S Johnsonc,d,  
John M Volka, Sayantan Majumdara, Charles Mortona, Peter ReVellea  

Affiliations 
a. Division of Hydrologic Sciences, Desert Research Institute, Reno, Nevada, USA 
b. Hydraulic Research Institute, Federal University of Rio Grande do Sul, Porto Alegre, Brazil 
c. Institute for Resources, Environment and Sustainability, University of British Columbia, 

Vancouver, BC, Canada 
d. Department of Earth, Ocean and Atmospheric Sciences, University of British Columbia, 

Vancouver, BC, Canada 

*Corresponding author: Yeonuk Kim (yeonuk.kim@dri.edu) 

 



 2 

 

Figure S1 Evaluation of daily mean land surface temperature (LSTdaily) estimated from 
satellite observations. The x-axis represents the daily outgoing longwave radiation 
observed at flux tower sites, while the y-axis represents outgoing longwave radiation 
calculated from modeled LSTdaily. Each panel corresponds to a different land cover type. For 
each land cover group, the least-squares linear regression forced through the origin and R² 
are shown. 
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Figure S2 Evaluation of daily net radiation estimated from satellite observations and grid 
meteorological data. The x-axis represents the daily net radiation observed at flux tower 
sites, while the y-axis represents estimated daily net radiation based on Landsat scene and 
gridMET meteorological data. Each panel corresponds to a different land cover type. For 
each land cover group, the least-squares linear regression forced through the origin and R² 
are shown. 

 

  



 4 

 

Figure S3 In situ ET observations versus estimated daily ET using the SFE (a), ETDIF (b) and 
RADET (c) models. Observed ET represents energy balance ratio (EBR) uncorrected data. 
The dashed line indicates the 1:1 line, and point colors differentiate 𝛿𝛿𝐿𝐿𝐿𝐿 = 0 and 𝛿𝛿𝐿𝐿𝐿𝐿 = 1. R² 
and the least-squares linear regression forced through the origin are shown (solid line). 
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Figure S4 Daily RADET versus EBR-uncorrected in situ ET observations grouped by land 
cover type. For each land cover group, the least-squares linear regression forced through 
the origin and R² are shown. 
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Figure S5 Comparison of daily error statistics between RADET and OpenET models, 
grouped by land cover type. Model evaluations were performed using EBR–uncorrected in 
situ ET as the benchmark. 
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Figure S6 Daily RADET versus EBR-corrected in-situ ET observations grouped by land cover 
subgroups. For each land cover subgroup, R² and the least-squares linear regression forced 
through the origin are shown. 
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Figure S7 Model estimates versus in situ ET observations (EBR-corrected) for (a) forest 
sites shown in Figure 5 and (b) shrubland and grassland sites shown in Figure 6. Blue points 
represent the OpenET ensemble, whereas orange points indicate RADET estimates. 
Different point shapes correspond to different sites. The dashed line denotes the 1:1 line, 
and the colored solid lines represent the least-squares regression lines forced through the 
origin. The Kling-Gupta efficiency (KGE) and regression statistics are also shown. 
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Figure S8 Daily ET patterns over a developed area. (a) World Imagery basemap (Esri, Maxar, 
Earthstar Geographics, and the GIS User Community), (b) RADET, and (c) OpenET 
ensemble for a Landsat 8 scene acquired on July 19, 2024, near San Francisco 
International Airport (37.62°N, 122.37°W). The OpenET ensemble exhibits unrealistically 
high ET over paved surfaces (e.g., airport runway), whereas RADET does not.  
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Figure S9 Daily ET patterns over a dark volcanic surface. (a) World Imagery basemap (Esri, 
Maxar, Earthstar Geographics, and the GIS User Community), (b) RADET, and (c) OpenET 
ensemble for a Landsat 8 scene acquired on July 23, 2024, near Craters of the Moon, Idaho 
(43.27°N, 113.46°W). The OpenET ensemble exhibits unrealistically high ET over the dark 
volcanic surfaces, whereas RADET does not. White areas indicate cloud masking.  



 11 

 

Figure S10 Daily ET patterns over a white salt-crusted surface. (a) World Imagery basemap 
(Esri, Maxar, Earthstar Geographics, and the GIS User Community), (b) RADET, and (c) 
OpenET ensemble for a Landsat 8 scene acquired on July 21, 2024, near Dixie Valley playa, 
Nevada (39.80°N, 117.98°W). The OpenET ensemble exhibits unrealistically high ET over 
the white salt-crusted surface, whereas RADET reduces this issue.   
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Figure S11 Monthly RADET versus EBR-uncorrected in-situ ET observations grouped by 
land cover type. Points indicate results under the strict benchmark criterion (≤5 gap-filled 
days). For each land cover group, R² and the least-squares linear regression forced through 
the origin are shown. 
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Figure S12 Comparison of monthly error statistics between RADET and OpenET models, 
grouped by land cover type. Model evaluations were performed using EBR–uncorrected in 
situ ET as the benchmark. 
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Figure S13 Monthly model estimates versus in situ ET observations (EBR-corrected) over 
cropland sites. Panels (a)–(f) show individual OpenET model estimates, panel (g) shows the 
OpenET ensemble, and panel (h) presents RADET. The dashed line denotes the 1:1 line, and 
the solid lines represent least-squares regression lines forced through the origin.  
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Figure S14 Monthly model estimates versus in situ ET observations (EBR-corrected) over 
evergreen forest sites. Panels (a)–(f) show individual OpenET model estimates, panel (g) 
shows the OpenET ensemble, and panel (h) presents RADET. The dashed line denotes the 
1:1 line, and the solid lines represent least-squares regression lines forced through the 
origin.  
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Figure S15 Monthly model estimates versus in situ ET observations (EBR-corrected) over 
grassland sites. Panels (a)–(f) show individual OpenET model estimates, panel (g) shows 
the OpenET ensemble, and panel (h) presents RADET. The dashed line denotes the 1:1 line, 
and the solid lines represent least-squares regression lines forced through the origin.  
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Figure S16 Monthly model estimates versus in situ ET observations (EBR-corrected) over 
mixed forest sites. Panels (a)–(f) show individual OpenET model estimates, panel (g) shows 
the OpenET ensemble, and panel (h) presents RADET. The dashed line denotes the 1:1 line, 
and the solid lines represent least-squares regression lines forced through the origin. 
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Figure S17 Monthly model estimates versus in situ ET observations (EBR-corrected) over 
shrubland sites. Panels (a)–(f) show individual OpenET model estimates, panel (g) shows 
the OpenET ensemble, and panel (h) presents RADET. The dashed line denotes the 1:1 line, 
and the solid lines represent least-squares regression lines forced through the origin. 
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Figure S18 Monthly model estimates versus in situ ET observations (EBR-corrected) over 
wetland/riparian sites. Panels (a)–(f) show individual OpenET model estimates, panel (g) 
shows the OpenET ensemble, and panel (h) presents RADET. The dashed line denotes the 
1:1 line, and the solid lines represent least-squares regression lines forced through the 
origin. 
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Figure S19 Computational efficiency comparison of RADET and OpenET models. (a) Earth 
Engine Compute Unit (EECU) hours per task from operational OpenET production exports, 
showing median, interquartile range, and outliers on a log scale. (b) Runtime comparison 
for full Landsat 8 scene processing across RADET, PT-JPL, SIMS, and SSEBop models. The 
10 full scenes span diverse regions across CONUS: the Intermountain West (Idaho, 
Montana), Southwest (New Mexico), Central Plains (Kansas, Oklahoma), Upper Midwest 
(Minnesota, Wisconsin), Mid-Atlantic (Pennsylvania), Midwest (Kentucky, Illinois), Utah, 
Northern Plains (South Dakota, Minnesota), Northeast (New Jersey, Pennsylvania), and Gulf 
Coast (Texas, Louisiana). We also compared against geeSEBAL runs performed using a 5 
km buffer around scene centroids to avoid Google Earth Engine (GEE) memory limitations. 
Full-scene processing for geeSEBAL would otherwise require chunking each scene into 
multiple tiles and mosaicking them afterward, leading to additional computational 
overhead, when running the model in an interactive environment (like Jupyter Notebook) or 
via local Python scripts. (c) Runtime comparison using a 5 km buffer around scene 
centroids, demonstrating model performance under reduced computational load. These 
include 10 scenes from the western Great Basin (California, Nevada, Oregon), eastern 
Great Basin (Nevada, Utah, Idaho), Colorado, Great Plains (Nebraska, Kansas), Lower 
Mississippi (Arkansas, Mississippi), Appalachia (Virginia, West Virginia), Midwest (Indiana, 
Michigan), Wyoming, Ozarks (Missouri, Arkansas), and Willamette Valley (Oregon). Note 
that separate scenes for (b) and (c) were deliberately chosen to avoid automatic GEE 
caching effects on model runs. We excluded eeMETRIC and DisALEXI from (b) and (c) 
because eeMETRIC source code is not publicly available, while DisALEXI requires the 
highest EECU among all OpenET models as shown in (a). For each ET model, the values 
shown within the bars represent the average (rounded to the nearest integer) EECU 
(seconds task-1) and runtimes (seconds scene-1), while the error bars indicate the 
corresponding standard deviations computed across (a) GEE export tasks and (b-c) 
scenes. These runtime comparisons demonstrate that RADET consistently shows lower 
computational cost across all benchmarks, and is comparable to PT-JPL, with only SIMS 
displaying better computational efficiency.  
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