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Abstract

Medium-resolution (10-100 m) satellite evapotranspiration (ET) products are rapidly
advancing agricultural water resources research and management, however,
underperformance across non-agricultural land cover limits research and application
potentials more broadly. These inconsistencies are the result of multiple factors, including
model structure and representation of ET dynamics across space and time. In regionally
expansive land covers such as forests and shrublands, ET is primarily governed by
equilibrium radiative energy exchange, whereas in croplands it is often amplified by
advected heat from adjacent water-limited areas. While select models represent these
processes, opportunities for improved conceptual and numerical representation are clear
based on recent satellite ET model intercomparison studies. Here, we introduce a
thermodynamic constraintin which ET is independent of aerodynamic conductance,
enabling a closed-form analytical solution to the two-source surface energy balance under
advection-free conditions. To account for advection, we conditionally incorporate an
aerodynamic term where and when advection is significant. Landsat thermal, optical, and
land cover data are used in combination with gridded meteorological data within the
presented Radiation Advection Diffusivity-independent ET (RADET) modeling framework to
predict ET. Performance is evaluated using in situ flux observations at daily and monthly
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scales across the contiguous United States (CONUS) along with intercomparisons to the
widely used operational OpenET and MODIS products. Results indicate that RADET has
superior performance across all land cover classes, with substantial improvements in
forests and shrublands. Application of Landsat data with novel analytical solutions of the
surface energy balance enables computationally efficient generation of medium-resolution
ET products at scale with good performance across all land cover, advancing research and
application potentials across many disciplines.

Keywords
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Highlights

e Proposed RADET, a Radiation Advection Diffusivity-independent ET framework

e Generated 30 m daily and monthly ET maps using Landsat and gridded meteorology
e Comparable to OpenET in croplands, with superior performance elsewhere

e Qutperformed MODIS ET products across both managed and natural landscapes

e Computationally efficient and operational scalable via Google Earth Engine

1. Introduction

Evapotranspiration (ET), the sum of plant transpiration and soil evaporation, is the second-
largest terrestrial hydrologic flux after precipitation and commonly represents the
dominant loss term in terrestrial water budgets (Oki & Kanae, 2006). It is a key variable that
governs runoff, aquifer recharge, and water availability for ecosystems and society (Wang &
Dickinson, 2012). ET also serves as a key linkage among the water, carbon, and energy
cycles (Gentine et al., 2019). It modulates weather and climate, and reflects soil moisture
conditions indicative of drought severity and ecosystem function (Katul et al., 2012).
Because of these roles, accurate, spatiotemporally continuous ET mapping using medium-
to moderate-resolution (~10-100 m and 100-1000 m scale) satellite imagery has substantial
practical relevance, with applications including improved water resources management
through more accurate estimation of water availability and sectoral use, advances in
climate research via characterization of long-term variability and coupled land-atmosphere
processes, and enhanced agricultural and ecosystem management through improved
drought monitoring and wildfire risk assessment (Fisher et al., 2017; Loveland et al., 2022;
Radeloff et al., 2024; Seitzinger et al., 2026).
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Despite the availability of numerous satellite-based ET models and products, their
widespread adoption for routine decision-making by water and land management
agencies, farmers, and practitioners remains limited (Kumar et al., 2024). Key barriers
include operational constraints, coarse spatial resolution, and inconsistent performance
across land cover types (Jung et al., 2019; Miralles et al., 2025). Many global ET products,
such as FLUXCOM and GLEAM, are available only at kilometer-scale spatial resolutions
and lack timely low-latency operational updates (Mu et al., 2011; Zhang et al., 2019).
MODIS-based ET products, including MOD16 and PML-V2 (Radeloff et al., 2024), are widely
used for regional-scale assessments; however, their moderate resolution (500 m) limits
applicability for field- to small watershed-scale agricultural and water resource
management (McCabe & Wood, 2006), and their performance is limited in croplands and
wetlands (Fisher et al., 2020; Pierrat et al., 2025). More recently, ECOSTRESS thermal
observations have enabled the development of instantaneous ET products, including
ECOBETPTJPL and ECO3ETALEXI, at ~70 m spatial resolution with revisit intervals of
approximately 1-5 days and observations acquired at varying local times. However, their
utility for routine resource applications remains constrained by limited historical coverage,
irregular temporal sampling and need for temporal upscaling, and variable performance
across land cover types (Fisher et al., 2020; Pierrat et al., 2025).

OpenET is an operational medium-resolution Landsat-based ensemble ET product (Melton
et al., 2022), which integrates six well-established remote sensing ET models including
eeMETRIC, ALEXI/DisALEXI, geeSEBAL, PT-JPL, SIMS, and SSEBop (Allen et al., 2007;
Anderson et al., 2012; Bastiaanssen et al., 1998; Fisher et al., 2008; Melton et al., 2012;
Senay, 2018). Owing to its high public accessibility, medium-resolution (30 m), strong
performance in croplands, and operational delivery through Google Earth Engine cloud
computing (Gorelick et al., 2017), OpenET is now widely used for agricultural water use
assessments by federal, state, and local agencies, consulting firms, and farmers
(Huntington et al., 2025; Martin et al., 2025; Ott et al., 2024; Pearson et al., 2024; Romera &
Silver, 2025; Wobus et al., 2025)(Reitz et al., 2025; Volk et al., 2024). However, despite its
demonstrated accuracy in croplands, OpenET performance is more limited across other
land cover types and exhibits well-documented systematic biases (Reitz et al., 2025; Volk
et al., 2024). In particular, OpenET models exhibit greater uncertainty and systematic
positive bias in forested ecosystems, which can result in overestimation of ET and poor
water balance closure in forest-dominated watersheds (Khand et al., 2025; Nassar et al.,
2025). Consequently, OpenET applications remain predominantly agricultural, despite
considerable potential for multidisciplinary research and water resource management,
underscoring the need for medium-resolution ET estimation approaches that are robust
across diverse land cover types.
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We hypothesize that variable performance of medium-resolution ET models across land
cover types reflects fundamental differences in land—atmosphere coupling rather than
satellite limitations (e.g. Landsat’s 8-16 day revisit frequency). Many ET models scale
instantaneous ET to daily and longer timescales as a function of reference ET (ETo),
whereby increased atmospheric dryness enhances ETo through Penman’s aerodynamic
term and, in turn, increases estimated ET (Allen et al., 2007; Allen et al., 2005; Melton et al.,
2012; Senay et al., 2013). Over irrigated croplands, atmospheric dryness often results from
advection of warm, dry air from surrounding arid regions, leading to increased ET that can
exceed locally available radiative energy (de Bruin et al., 2016; Rana & Katerji, 2000). In
contrast, over natural landscapes where advective influences are weak, atmospheric
dryness largely reflects reduced ET, and elevated ETo indicates suppressed rather than
enhanced ET, consistent with the complementary relationship of evaporation framework
(Bouchet, 1963; Brutsaert & Stricker, 1979; Morton, 1969). This contrast helps explain
strong model performance over croplands and degraded performance over extensive
natural land covers where land-atmosphere coupling is strongest. Additional uncertainties
arise from neglected biomass heat storage in tall forest canopies (Lindroth et al., 2010),
errors in semi-empirical aerodynamic conductance—particularly over rough forest
canopies where small surface-air temperature gradients render aerodynamic conductance
the primary control on sensible heat flux (Melton et al., 2022)—and the common
assumption of constant evaporative fraction or ETo fraction when upscaling instantaneous
ET to daily or longer time scales, which frequently breaks down (Cammalleri et al., 2014;
Crago & Brutsaert, 1996; Gentine et al., 2011; Liu, 2021).

2. Objectives

Despite decades of satellite-based ET model development and continued advances in
remote sensing observations, these limitations remain only partially addressed. In some
settings, parsimonious frameworks with little or no reliance on satellite inputs—such as
complementary relationship and surface flux equilibrium theories—have been shown to
achieve performance comparable to, or in some cases or exceeding, that of more complex
satellite-driven approaches (Comini de Andrade et al., 2025; Thakur et al., 2025). Together,
these findings motivate continued refinement of ET model structures grounded in land-
atmosphere feedback theory that build upon foundational scientific advances and
strategically leverage medium-resolution thermal and optical satellite observations to
deliver robust, scalable, operationally viable ET estimates for water resources research and
applications from field to national scales.

Our objective is to accurately map ET at 30-m resolution across diverse land cover types
while maintaining operational scalability. We introduce RADET (Radiation Advection
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Diffusivity-independent Evapotranspiration), a physically-based model build on four
elements: (1) a diffusivity-independent flux hypothesis that yields a closed-form analytical
solution for ET under advection-free conditions without aerodynamic conductance
parameterization; (2) direct estimation of daily ET from the instantaneous satellite
observations, avoiding constant evaporative fraction assumptions and minimizing canopy
heat storage issues; (3) separate treatment of canopy and soil to represent distinct
stomatal and soil-water controls; and (4) conditional inclusion of the Penman’s
aerodynamic term where advection effects are expected. We apply RADET to Landsat
imagery, gridded daily meteorology, and annual land cover data, and evaluate performance
against in situ ET data and common satellite ET products across the conterminous United
States.

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

Evaporation converts liquid water to vapor by consuming energy. The newly formed vapor
raises the water vapor pressure at the surface-air interface, creating a vertical gradient in
vapor density between the surface skin and the reference height air. This gradient, together
with turbulent mixing, drives a vertical water vapor flux according to Fick’s law. Efficient
turbulent mixing, which is typically parameterized by aerodynamic conductance (g.), is
therefore frequently interpreted as enhancing ET. While this interpretation may appear
intuitive, it does not necessarily hold, particularly at aggregated temporal scales.

Early atmospheric boundary layer (ABL) theories showed that, as the ABL evolves toward
steady state over spatially extensive wet surfaces where advection is minimal, ET
approaches an “equilibrium ET” that is independent of g, (McNaughton, 1976; Priestley &
Taylor, 1972; Slatyer & Mcllroy, 1961). Accordingly, several studies explicitly define
equilibrium ET as the state in which ET is independent of g, (Monteith, 1965; Raupach,
2001). This wet-surface equilibrium ET was originally framed as a theoretical upper bound,
rather than as a general description of actual ET under natural conditions. To bridge this
gap, approaches based on complementary relationship (CR) were developed to estimate
actual ET from equilibrium ET and Penman’s potential ET (Brutsaert & Stricker, 1979;
Morton, 1969). Within CR-type formulations, increases in g, (or wind speed) do not
enhance ET, contrasting with the expectation of a positive relationship between g, and ET.

The insensitivity of ET to g, has also been demonstrated experimentally. Davarzani et al.
(2014) used wind-tunnel experiments coupled with a Navier-Stokes free-flow model to
demonstrate that soil evaporation becomes progressively insensitive to wind speed as the
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coupled soil-atmosphere system approaches steady state at multiday time scales.
Consistent with these findings, Surface Flux Equilibrium (SFE) theory further demonstrates
that even over dry land surfaces, parsimonious ABL dynamics with minimal advection can
evolve toward a steady state in which actual ET is well approximated by SFE evaporation
thatis independent of g, (McColl & Rigden, 2020; McColl et al., 2019). Consistent evidence
also comes from eco-physiological studies that commonly assume canopy surface and
atmospheric vapor pressure deficits are equal at daily time scale (e.g., Beer et al., 2009;
Keenan et al., 2013), an assumption equivalent to ET being independent of g, (Monteith,
1965).

If these lines of evidence are broadly applicable across a wide range of conditions, an
important question arises: how can ET become insensitive to g,? From an atmospheric
dynamics perspective, the weak dependence of ET on g, can be understood as a
compensating feedback between g, and the vertical humidity gradient (e.g., Salvucci &
Gentine, 2013). Stronger turbulent mixing, represented by higher g,, reduces the vertical
humidity gradient, while weaker mixing, represented by lower g,, allows the gradient to
increase (Figure 1). This compensating adjustment results in near-invariant ET despite
variations in g,. Such feedback emerges when turbulent mixing is not a limiting factor of ET.
For example, in chemical engineering or cloud microphysics, a dimensionless quantity
Damkohler number (Da) is widely used to characterize whether a system is limited by
phase change process (evaporation) or by turbulent transport (e.g., Kumar et al., 2018).
When evaporation proceeds much more slowly than the turbulent transport capacity due
to constraints such as limited water availability or energy supply, ET can become
independent of g..

Given this reasoning and these lines of evidence, we posit that daily aggregated ET is
subject to the following constraint under typical advection-free conditions:
0ET

09a

(1)

This constraint is equivalent to assuming that the water vapor flux is independent of eddy
diffusivity. Thus, we refer to Equation (1) as the Diffusivity-independent flux (DIF)
hypothesis in which phase change process (evaporation), not transport efficiency, control
water vapor flux under advection-free conditions, allowing ET to be expressed without
parameterization of g,,.

Importantly, the DIF hypothesis does not imply that turbulence, surface roughness, or
atmospheric stability are negligible, but rather that their effects are implicitly embedded in
surface-air gradients when land-atmosphere coupling is strong. Where this assumption is
violated—such as under advective forcing, heterogeneous roughness, or atmospheric
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decoupling—the DIF framework is not expected to hold, motivating the conditional
inclusion of aerodynamic controls.

The main exception to the DIF hypothesis occurs when the surface remains consistently
close to saturation while the overlying atmosphere is dry (e.g., under advective conditions)
(Figure 1). In this situation, the humidity gradient is fixed and cannot adjust to changes in

turbulent mixing. Under such wet surface conditions (e.g., irrigated cropland, open water,
OET
09a
consistent with the addition of an aerodynamic or “drying power of the air” term in

wetland, riparian), efficient turbulent mixing can increase ET (i.e., > 0), whichiis

Penman’s energy balance-bulk mass transfer combination equation, and interpreted as a
measure of the departure from equilibrium conditions (Brutsaert & Stricker, 1979; Penman,
1948).

Advective conditions over saturated surface

Advection-free conditions over unsaturated surface

Weak turbulence (g, 1) Strong turbulence (g, 1)

Weak turbulence (g, 1) Strong turbulence (g, T)

ET < ET
Ja < Ya
(es —eq) = (es — €q)

ET =~ ET
Ja < Ya
(es —eq) > (&5 —e,)

- |

ET

)

7 D Q = D
Ga S Ya \@ ga

Expected behavior: 22 ~ 0 (DIF)
dgq

(% —°2)

Expected behavior: i >0
dga

ET: evapotranspiration, g,: aerodynamic conductance, ey — e,: vertical actual water vapor pressure difference

Figure 1 Schematic diagram illustrating the diffusivity-independent flux (DIF) hypothesis.
Under advective conditions, evapotranspiration increases with aerodynamic conductance,
whereas under advection-free conditions this dependence weakens due to adjustment of
the humidity gradient. In both cases, ET is a function of the product of aerodynamic
conductance and the vertical water vapor pressure difference.

3.2. Evapotranspiration under the DIF hypothesis

The DIF constraint was originally introduced as an analytical expression for equilibrium ET
(Monteith, 1965; Raupach, 2001). Specifically, substituting Equation (1) into the Penman or
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Penman-Monteith (PM) equations yields conventional equilibrium ET when the
dependence of land surface temperature (LST) on g, is neglected. Raupach (2001) further
introduced the concept of isothermal net radiation (Martin, 1989; Monteith, 1981) to
remove the explicit LST term from the PM formulation, thereby deriving radiatively-coupled
equilibrium ET via the DIF constraint.

Building on this theoretical foundation, we derive an ET formulation under the DIF
hypothesis in Appendices A and B. While the formulation by Raupach (2001) retains an
explicit dependence on g,, we remove this dependency by reintroducing LST after applying
the DIF constraint. As a result, g, no longer appears in the final expression, and the
temperature difference between LST and air temperature (T,) emerges as the primary
control on equilibrium ET. This reformulation is particularly advantageous for ET modeling,
as LST is directly observable from satellite remote sensing. We further found that
parameterizing surface water constraints using surface conductance representing
stomatal conductance versus surface relative humidity representing soil surface water
potential produces distinct outcomes under the DIF hypothesis (Kim et al., 2023). To
capture this difference, we adopt a two-source framework and apply the DIF assumption
separately to canopy and soil. As derived in Appendices A and B, introducing the DIF
assumption into the two-source surface energy balance ultimately yields the following
analytical expression:

1 AR,. RHA(R, —G)

ET, = — + 2
pir = ey T TRAL 4y ) 2)

canopy soil

where ETpe is daily ET under the DIF assumption (mm d”); L, is latent heat of vaporization
(MJ kg'); Ais the slope of the saturation vapor pressure curve at T, (kPa K"); y is the
psychrometric constant (kPa K'); R.. and R,s are net radiation at canopy and soil surface,
respectively (MJ m2d™); Gis the soil heat flux (MJ m2d™"); RH; is the relative humidity at the
soil surface (kPa kPa™). u. and us are nondimensional parameters, which are defined as
follows:

Ry +8(1 —1,)ecT (T, — T,)
Uec = +
2R,

A
\/[Rnc + 8(1 - TL)SO-Ta3(Tc - Ta)]2 + 32?Rnc(1 - TL)SO-Tag(Tc - Ta)

3
2R, (3a)
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AE + (4e0T,> + d—g) (T, — T,)
g

fs = 24E, +

RH,A

k k
j [AE; + (4e0T,> + ﬁ) (T, — T2+ 4 AE (4e0T,> + ﬁ) (T, — T,)

3b
2AE (3)
where T. and T are canopy and soil surface temperature, respectively, derived from
Landsat LST; € is the Landsat-derived surface emissivity; o(= 4.901 X 10‘9) is Stefan-
Boltzmann constant (MJ K* m2d™"); AE;(= R, — G) is available energy at the soil surface
(M) m=2d"); 7. is the transmissivity of diffuse longwave radiation through the canopy

(details in section 2.3.2); Z—g is soil thermal conductivity (MJ m™ K d) divided by a soil
g

kg . . . .
storage length scale (m), and d—g is treated as effective conductive exchange coefficient
g

(details in section 2.3.7).

The canopy component of ETpr aligns with conventional equilibrium ET formulations
(Slatyer & Mcllroy, 1961), whereas the soil component resembles surface flux equilibrium
ET (McColl et al., 2019). A key distinction is that ETpie explicitly incorporates y. and ps
parameters. In principle, y. and ys become unitywhen T, = T, and T; = T,, and exceed
unitywhen T, > T, and T; > T,. This indicates that ETor decreases with increasing vertical
temperature difference. This vertical temperature-difference adjustment is conceptually
similar to other ET models derived from distinct thermodynamic perspectives, including
Hamiltonian based approaches and a combined framework linking equilibrium ET with the
maximum entropy production principle (Kim et al., 2023; Liu et al., 2012; Pan et al., 2024).
The demonstrated skill of these methods in estimating ET further supports the robustness
of the DIF hypothesis for broad range of conditions.

3.3. The RADET model

The proposed ETpr in Equation (2) can lead to significant bias when the DIF assumption is
violated. As illustrated in Figure 1, the DIF assumption is not theoretically valid particularly
under advective conditions over wet surfaces. To accurately estimate ET even if the DIF
assumption breaks down, we propose the Radiation Advection Diffusivity-independent
Evapotranspiration (RADET) model, which conditionally incorporates Penman’s
aerodynamic term (Penman, 1948).

yfW)VPD,

ETgrap = ETpir + 5LC5WETA—+V (4)
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where §; . is a nondimensional parameter, which is an advection switch based on land
cover types. Sy g7 is a parameter identifying a wet surface. The product of these two §
parameters is Penman’s aerodynamic term, where f(u) is the empirical wind function and
VPD., is the vapor pressure deficit at the reference height (kPa).

Because Penman’s aerodynamic term is commonly interpreted as representing regional-
scale advection (de Bruin et al., 2016), we add this term to correct ETpr in situations where
the DIF assumption is violated due to advection. Land cover information is used to identify
conditions conducive to advective enhancement, and §,, g7 is used to detect wet surfaces.
Further details on the 6 parameters and the wind function are provided in Section 2.4.7.

3.4. Satellite derived parameters for RADET

In this section, we describe how medium-resolution satellite remote-sensing observations,
combined with gridded meteorological data, are used to compute RADET. Our
implementation focuses on Landsat observations and the gridMET meteorological dataset,
although the same principles can be applied to other satellite sensors and meteorological
products.

3.4.1. Daily land surface temperature

The instantaneous land surface temperature observed by the Landsat satellite and the
daily minimum air temperature (T,,min) from gridMET are used to estimate the daily mean
land surface temperature (LSTq.i,). We first assume that the minimum land surface
temperature (LSTmin) is slightly lower than T, »in, as commonly observed across various
environments (Good, 2016).

LSTimin = Ta,min - Offset (5)

We set offset as 1 K. Next, the maximum land surface temperature (LST.x) is estimated
using a cosine function (Gottsche & Olesen, 2001).

LSTlOam - LSTmin
T 10 — tax

LSTax = LSTin + (6)

COoS (7
(2 tmax - tmin

where LST0.m is Landsat satellite observed land surface temperature around 10:00; tpax iS

the peak time of land surface temperature, which is assumed as 12:30; tmi, is the local
sunrise time (i.e., time corresponding to LSTn).

The daily mean land surface temperature is then calculated as:
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LSTin + LST a0

LST 40y = > 7
When the estimated LST..i, from Equation (7) is lower than the griMET daily mean air
temperature (Tadany), We set LSTqqi1y = T aqity to prevent unrealistic underestimation of
land surface temperature.
The daily outgoing longwave radiation (LW,.:, M) m2d™) is computed using the Stefan-
Boltzmann law:
LW,y = €0LST 011, (8)

Here, LSTu.iy is in Kelvin.

This approach was evaluated against in-situ outgoing longwave radiation measurements
from flux tower sites (Figure S1). The results show that the coefficient of determination (R?)
exceeds 0.9 across all land cover types, with slopes close to 1, suggesting high accuracy of
the proposed approach when applied to Landsat.

3.4.2. Daily canopy and soil surface temperature

We estimate the daily mean canopy surface temperature (T q.i,) and soil surface
temperatures (Tsqaiy) from LSTaqaiy. In the two-source energy balance (TSEB) framework,
these temperatures at an instantaneous satellite overpass are related through the
fractional vegetation cover observed at the sensor’s view angle (Norman et al., 1995).
However, because our analysis is based on daily averaged LST, which represents the
hemispheric outgoing longwave temperature, we formulated this relationship using the
daily longwave transmissivity (). Under the assumption of equal emissivity for canopy and
soil surfaces, the daily mean radiometric temperature can be expressed as the sum of the
outgoing longwave radiation from the two components:

LSTdaily4 =(1- TL)Tc,daily4 + TLTs,daily4 (9a)
7, = exp(—kLAI) (9b)

where LAl is leaf area index, and k;, is the extinction coefficient for longwave, setting 0.95,
which is equivalent to the extinction coefficient for diffuse radiation (Kustas & Norman,
1999).

In Equations (9a) and (9b), both LST,.i, and LAl can be derived from Landsat optical and
thermal observations (details in sections 2.4.1 and 2.4.5). However, T; g1y and T aaiy remain
unknown unless an additional constraint is introduced. To address this, we introduce a
constraint derived from a simplified form of the ETpie (see Appendix C), which links canopy
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surface temperature to LST and air temperature. This additional constraint is expressed as

follows:
Tc,daily = Tq,daity T .B(LSTdaily - a,daily) (10a)
_ fe
p=—s (10)

fetrE sy (-1
fe =1 —exp(—0.4LAI) (10¢)

where 8 is a parameter that controls the degree to which canopy surface temperature
departs from LST, and f; is the fraction of net radiation absorbed by the canopy, estimated
as in Equation (10c) (Norman et al., 1995). The parameter B acts as a weighting factor that
adjust canopy temperature. When 8 approaches 1, the canopy surface temperature
remains close to LST. Conversely, when B approaches 0, the canopy surface temperature
converges to the overlying air temperature.

We first estimate T4y, Using Equation (10a) and then substitute the result into Equation
(9a) to obtain T 4.iy. However, the resulting Ts 4.4, Can occasionally become unrealistically
high. To avoid this issue, we compute an upper bound for T .1y, by assuming that the net
radiation at the soil surface cannot be negative:

EUTs,daily4 < TSSWn + TLLWatm + (1 - TL)EUTc,daily4 (11)

where 5 is the daily shortwave transmissivity, SW, is the daily net shortwave radiation (MJ
m=2d") and LW.m is incoming longwave radiation MJ m2d".

If estimated T4y violates Inequality (11), we set Ts g1y t0 its upper limit based on the right-
hand side of Inequality (11).

3.4.3. Daily net radiation

We calculate broadband shortwave albedo from Landsat surface reflectance following
Liang (2001). Assuming that the diurnal variation in albedo is negligible, the daily net
shortwave radiation (SW,) is estimated as:

SWo = SWin(1 - a) (12)

where SWi, is the gridMET daily incoming solar radiation (MJ m2d™), and a is the Landsat-
derived broadband albedo.

The daily effective shortwave transmissivity is estimated using Beer’s law as

g = exp(—xgLAI) (13)
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where kg is the extinction coefficient for shortwave. We set ks = 0.56, based on a meta-
analysis of canopy light extinction coefficients across diverse ecosystems (Zhang et al.,
2014).

For incoming longwave radiation (LW.m), we apply the ASCE PM formulation (Allen et al.,
2005):

SW;
LWy = € [1 — (1.35 i - - 0.35) (0.34 — 0.14\/e_a)] 0Ty daity (14)

SO

where R;, is calculated clear-sky radiation (MJ m? d™') based on the ASCE PM approach, and
T.qaiy i in Kelvin. It should be noted that, although the original ASCE PM method uses
minimum and maximum air temperatures, we instead use the daily mean air temperature
to maintain consistency with our definition of LW, in Equation (8), where we use the daily
mean LST.

Next, the net radiations at the canopy and soil are estimated as follows under the
assumption of equal emissivity and albedo for both surfaces:

Rnc = (1 - TS)SWn + (1 - TL)[LWatm + gaTs,daily4 - ZgaTc,daily4] (15a)
Rus = tsSWh + 1 LWt + (1 - TL)EJTc,daily4 - EGTs,daily4 (15b)
R, = Rpe + Ry (15¢)

where R, is net radiation (MJ m2d™).

In Figure S2, we present the evaluation of daily net radiation estimated from Landsat and
gridMET data against in-situ observations from flux-tower sites. Overall, the performance of
R, estimation is lower than that of outgoing longwave radiation, likely due to uncertainties
in the incoming radiations. Nevertheless, the results demonstrate that the proposed
approach provides a reasonable and reliable estimation of daily net radiation.

3.4.4. Daily soil heat flux

Daytime soil heat flux is typically estimated as a fraction of the soil net radiation, while
nighttime soil heat flux is generally negative due to heat release from the ground.
Accordingly, we propose the following formulation to represent the daily mean soil heat flux
(G, M)Jm=2d™"):

G = 0.35R,, — 1.5 (16)

Here, the first term on the right-hand side of Equation (16) represents the daytime soil heat
flux following Norman et al. (1995), while the second term accounts for upward nighttime
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soil heat flux from the subsurface. The magnitude of the second term is empirically set
such that the median daily soil heat flux across all data is approximately zero.

3.4.5. Leaf Arealndex

In this study, LAl is primarily estimated using the Landsat derived two-band Enhanced
Vegetation Index (EVI2) (Jiang et al., 2008). This approach is adopted because empirical
relationships based on EVI2 show better agreement with in situ LAl observations (Kang et
al., 2016; Mourad et al., 2020), and EVI2-derived LAl has been successfully applied in
satellite-based ET models (Jaafar et al., 2022). The formulation follows the empirical
equation proposed by Kang et al. (2016)

LAIgy, = (2.92\/EVI, — 0.43)? (17)
where LAlevz is EVI2 driven LAL, which is limited within [0,8] (Jaafar et al., 2022).

We found that, although this approach generally produces reasonable results, LAI
estimates derived from vegetation indices exhibit limitations over green-painted roofs,
which are artificially interpreted as having high LAI. To address this issue, we additionally
employ the normalized difference moisture index (NDMI) proposed by Gao (1996). NDMIl is
computed from the difference between near-infrared (NIR) and shortwave-infrared (SWIR)
reflectance and is sensitive to vegetation water content. Because artificial green surfaces
typically exhibit negative NDMI values, we reduce LAl when NDMI becomes negative, as

follows:
LAI = LAl y;;NDMI¢,g10a (18a)
NDMI — NDMI,,;,,
NDMI = 18b
scaled 0— NDMImin ( )

Here, NDMl,..q is constrained (clamped) within [0,1]. Based on the typical NDMI range, we
set NDMI,,;, = —0.3. For actively transpiring vegetation, NDMI is generally positive, such
that NDMI, 4.4 = 1 and LAl remains unchanged. In contrast, for artificial or non-vegetated
green surfaces characterized by negative NDMI values, NDMI;....c decreases toward zero,
thereby reducing spuriously high LAl estimates derived from vegetation indices.

3.4.6. Soil surface relative humidity

Soil surface relative humidity (RH;) is estimated as follows:

€a

e*(TS) (1 - NDMIscaled) (19)

RHy = RHoNDMIg q10q +
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At the daily timescale, soil surface relative humidity is assumed to be close to air relative
humidity, consistent with surface flux equilibrium theory (Kim et al., 2021; McColl et al.,
2019). When NDMl is negative, as represented by reduced values of defined in Equation
(18b), RH; is adjusted toward a lower bound corresponding to dry soil surfaces. This lower
bound is defined as the ratio of atmospheric water vapor pressure (e,) to the saturation
vapor pressure at the soil surface temperature e*(Ts).

The estimated RH, from Equation (19) is applied to all land cover types, except open water,
where RH; is setto 1.

3.4.7. Conductive exchange coefficient

The effective conductive exchange coefficient (Z—g, MJ m2K"'d")is used to estimate u in Eq.
g

(3b). Here, dsis defined as the depth below which temperature is not directly influenced by
aerodynamic exchange with the atmosphere at the daily time scale (details in Appendix B).
Although this definition is physically intuitive, the corresponding soil storage length scale is
difficult to derive rigorously from 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), under which dg; can be interpreted as a
damping depth associated with surface temperature forcing. Aerodynamic exchange
induces relatively high-frequency variations in soil surface temperature, whose downward
propagation is progressively attenuated by thermal conduction. Accordingly, the depth
below which temperature is no longer directly influenced by aerodynamic forcing can be
represented by a thermal damping depth at the daily time scale.

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

k w 86400
g f
dg N2 106

Where [ is the thermal inertia of the soil (J m2 K" s"2), and w is the fundamental diurnal
angular frequency (w = 2m/86400 s~ 1).

Typically, /s lies within a relatively narrow range, on the order of 1000 J m2 K" s"2 (Bennett et
al., 2008), with values around 800 for dry soils and up to 1500 for pure water (Huang &
Wang, 2016). Sensitivity tests conducted over an /s range of 800-1500 indicate only
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moderate impacts on the resulting ET estimates. Accordingly, we adopt a constant value of
I, = 1000 J m2 K" s"2for parsimonious estimation.

3.4.8. Parameters for the aerodynamic term
The §; . parameter in Equation (4) is defined as follows:

1, LC € {curtivated, open water, wetland, woody wetland with LAI<1}

Ouc = {0, LC ¢ {curtivated, open water, wetland, woody wetland with LAI<1} 21

6, ¢ is defined based on USGS NLCD land cover types where advective effects are likely to
occur.

The §,,.; parameter in Equation (4) is defined as follows:

Swer = fe + femfor (1 — o) (22a)
fsm = RHSVPDS (22b)
1

fsr = 1 + e10-LST50i (22¢)

where fsm and fsrrepresent soil moisture and temperature constrain, respectively.

The parameter §,,.; increases with increasing vegetation cover represented by f.. Because
LAl is constrained using NDMI in Equation (18), which directly affects f;, an increase in f;
reflects a larger fraction of actively transpiring vegetation. For non-vegetated surfaces (1-f;),
wetness is regulated independently through soil moisture and temperature constraints.
Specifically, fsm is estimated using soil surface relative humidity (RHs) and vapor pressure
deficit (VPD;) following Fisher et al. (2008). Although fs,, effectively captures moisture
limitation under most conditions, it tends to approach unity under cold conditions because
RH; is typically close to saturation at low temperatures. This behavior can lead to an
overestimation of ET during winter. To mitigate this effect, we introduce the temperature
constraint fs7, defined as a sigmoidal function of soil surface temperature, which reduces
et Under cold conditions and suppresses unrealistically high wintertime ET.

For the wind function, we employed Penman’s empirical wind function, which is widely
used for the advection-aridity model (Comini de Andrade et al., 2025).

f(u) = 2.6(1 + 0.54u,) (23)
where u; is windspeed at 2m reference height (m s™).

3.4.9. Elevation effect
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To account for the influence of topography on both air temperature and incoming solar
radiation, elevation-based corrections were applied to the meteorological forcings used in
RADET. Minimum and maximum air temperature fields from the gridMET dataset were first
adjusted to the local terrain height following a dry adiabatic lapse rate of -6.5 K km™. For
each gridMET pixel, the gridMET elevation was compared to the 30 m SRTM elevation (Farr
et al., 2007), and the elevation difference was multiplied by the lapse rate to obtain the
correction. The corrected minimum and maximum air temperature were used to estimate
daily mean LST, T., Ts, incoming long wave radiation, and saturation vapor pressure and its
slope (as detailed in previous sections).

In addition, the effect of terrain on surface shortwave radiation was incorporated to
account for slope and aspect. Specifically, we applied the analytical, integrated
formulations for daily solar radiation on sloping surfaces introduced by Allen et al. (2006).
We estimated ratio of global radiation on a sloped surface to that on a horizontal surface by
considering direct beam, diffuse, and reflected components. One minor deviation from
Allen et al. (2006) is that we ignore differences in direct-beam transmissivity between
sloped and horizontal surfaces.

These corrections ensure that both temperature and solar radiation forcings more
accurately represent the micro-meteorological conditions over complex terrain. However, it
should be noted that neighborhood shadowing from adjacent terrain features and the
shading effect on local air temperature are not considered in this resampling procedure.

3.5. Temporalinterpolation for monthly RADET

Since the RADET model directly estimates daily ET, it does not require temporal upscaling
from instantaneous to daily ET as commonly needed in other remote sensing approaches.
However, RADET outputs are available only on Landsat overpass days, which occur every 8
days when two satellites are available or every 16 days when only one satellite operates.
The gap can be even longer when cloud cover prevents satellite observations. Therefore, a
temporalinterpolation is required to estimate monthly aggregated ET.

In OpenkET, five of the six models interpolate daily EToF (the ratio between ET and ETo) using
piecewise linear interpolation and then multiply by ETo to obtain daily ET. The
ALEXI/DisALEXI models use a similar approach but replace ETo with incoming shortwave
radiation. The ETo-based approach is suitable for advective conditions over wet surfaces
such as cropland. However, at regional scales, ET and ETo often show opposite behavior
due to the complementary relationship between ET and atmospheric demand (Bouchet,
1963). To address this, RADET applies the ALEXI/DisALEXI-style interpolation scheme,
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which uses the ratio between ET and incoming shortwave radiation. This approach has
been shown to perform comparably to schemes based on ETo and other methods
(Brutsaert & Sugita, 1992; Cammalleri et al., 2014).

We also tested other interpolation variables, including fractions of ETo, shortwave
radiation, potential shortwave radiation, net radiation, and equilibrium ET (Alfieri et al.,
2017). We found that the differences in interpolated daily ET were notable, but monthly
aggregated ET showed only marginal differences because daily biases tended to cancel out
when averaged over the month. For operational scalability, we use readily available
incoming shortwave radiation to reduce computational cost, noting that the interpolation
can be further optimized in future implementations.

4. Methods
4.1. RADET data inputs

Primary input to the RADET model, and relevant model parameters are summarized in
Table 1. Specifically, the study period spans from 2000 to the end of 2020. During this
period, we used Landsat 5,7, and 8 optical and thermal imagery (Wulder et al., 2019).
Albedo, EVI2, and NDMI for each Landsat scene were computed on the Google Earth
Engine (GEE) cloud platform (Gorelick et al., 2017). Required variables, including land
surface temperature, emissivity, albedo, EVI2, and NDMI were then extracted from GEE by
spatially averaging a 7x7 pixel window centered on each flux tower footprint. Further
details on the flux footprint estimation are provided in Volk, Huntington, Melton, Allen, et
al. (2023).

Meteorological variables at a daily scale were obtained from the gridMET dataset for each
flux tower location (Abatzoglou, 2013). The required variables include specific humidity,
minimum and maximum air temperature, surface downward shortwave radiation, and wind
speed at 10 m height. Air pressure is also required to convert specific humidity to vapor
pressure. However, since gridMET does not provide air pressure, it was estimated from
SRTM elevation (Farr et al., 2007), following the ASCE PM formulation (Allen et al., 2005).

Land cover information was retrieved from the annually updated USGS NLCD dataset (US
Geological Survey, 2024), accessed through the Awesome GEE Community Catalog (Roy et
al., 2025). We extracted NLCD data from GEE for each flux tower site.
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Table 1 Primary inputs to the RADET model.

Data (sources) Native spatial resolution Primary usage
(temporal scale)

Land surface temperature Canopy and soil surface

60 - 120 m (instantaneous)

(Landsat-5, 7 & 8) temperature
:u;fz(c’:) reflectance (Landsat-so m (instantaneous) Albedo, EVI2, and NDMI

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

Meteorological forcing for the

4 km (daily average) RADET model

Estimating air pressure,

Elevation (SRTM) 30m (constant) resampling air temperature
and solar radiation
Land cover (USGS NLCD) 30 m (annually updated Ident}f}/lng advective
constant) conditions

4.2. OpenETdata

We used OpenET data (Melton et al., 2022) to compare the performance of the proposed
RADET model against the six well-established OpenET models and their ensemble average.
Specifically, we obtained time series data of OpenET estimates at both daily and monthly
scales, extracted for the same flux tower locations and footprints (7x7-pixel windows) used
in our analysis. This dataset was originally used for OpenET accuracy evaluation study
(Volk et al., 2024). It should be noted that we download time series data for each site from
the Zenodo repository (https://doi.org/10.5281/zenodo.10119477), which was used for the
accuracy evaluation study.

4.3. MODIS based ET products

We further compared RADET with evapotranspiration products derived from the Moderate
Resolution Imaging Spectroradiometer (MODIS), whose spatial resolution is coarse but
whose temporal revisit frequency is high. Specifically, we used the MOD16 ET Collection
6.1 product, MOD16A2GF v6.1, (Running et al., 2021) and the PML-V2v0.1.8 ET dataset
(Zhang et al., 2019). Both datasets were extracted for the central pixel of each flux-tower
footprint using GEE. The 8-day ET values were then converted to monthly values by
distributing each composite period evenly across individual days and aggregating to
calendar months.

A recent study by Endsley et al. (2025) introduced an updated and recalibrated version of
MOD16. This updated version is expected to be released with MODIS Collection 7, butis
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587 notyet publicly available. We obtained the updated MOD16 product directly from the

588 authors and note that the current implementation is processed using MODIS FPAR/LAI
589 from Collection 6.1 (rather than Collection 7). To ensure consistency and avoid calibration
590 bias, we adopt the same set of 61 flux-tower sites used by Endsley et al. (2025), excluding
591 sites that were involved in MOD16 calibration or validation.

592 4.4. |In-situ ET data

593 To evaluate the performance of the proposed RADET model, we used in situ flux

594 measurements as a benchmark. Specifically, we employed the dataset compiled by Volk,
595 Huntington, Melton, Minor, et al. (2023), which aggregates ET measurements across the
596 conterminous United States from multiple sources, including AmeriFlux, USDA-ARS, and
597 USGS NWSC. This dataset was used for OpenET performance assessment (Volk et al.,
598  2024).

599 Most of the sites use the eddy covariance method, while a smaller number rely on Bowen
600 ratio systems or weighing lysimeters. After excluding sites with fewer than five paired ET
601 observations (daily RADET and in-situ ET overlaps) during the study period, 145 sites

602 remained for analysis. These comprise 54 cropland, 16 evergreen forest, 27 grassland, 13
603 mixed forest, 26 shrubland, and 9 wetland/riparian sites (Figure 2).

604 The eddy covariance method is subject to a systematic uncertainty known as the energy
605 balance imbalance, wherein the sum of turbulent heat fluxes is typically lower than the

606 available energy (Mauder et al., 2020; Wilson et al., 2002). For model evaluation, we used
607 both energy balance ratio (EBR)—-corrected data (results presented in the main text) and
608 EBR-uncorrected data (results provided in the Supplementary Information). The EBR

609 correction was applied using the Bowen ratio preservation method (Twine et al., 2000; Volk,
610 Huntington, Melton, Allen, et al., 2023).

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

616  For monthly-scale assessments, gap-filled in situ ET data were included. Specifically,

617 monthly data were used only when the number of gap-filled days did not exceed five (Volk
618 etal., 2024). While this strict criterion ensures consistent comparison with OpenET, it can
619 exclude many records during rainy months, periods that typically exhibit high ET in water-
620 limited ecosystems such as shrublands. Therefore, as a secondary monthly benchmark,
621 we applied a relaxed criterion requiring at least five observed days per month. This
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benchmark was used solely to evaluate RADET performance, not for direct comparison
with OpenET models.
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Figure 2 Map of in situ ET measurement sites. Point shapes indicate their land cover type.
The exact site locations are slightly jittered to reduce overlap among closely spaced points.

4.5. Model evaluations

We evaluated the RADET model in a hierarchical manner. First, we compared the proposed
ET formulation with the surface flux equilibrium model (McColl et al., 2019), to examine
how the two-source implementation of the DIF constraint enhances ET estimation and how
the inclusion of Penman’s aerodynamic term further improves performance. Building on
this theoretical comparison, we assessed the model’s performance at both daily and
monthly timescales using flux-tower observations. In particular, we compared RADET
performance with the OpenET models and their ensemble to determine whether the
proposed model improves medium-resolution ET estimation accuracy. Finally, we
compared RADET with the operational MOD16 product.

We employed several statistical metrics, including Kling-Gupta Efficiency (KGE), Nash-
Sutcliffe Efficiency (NSE), Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and
Mean Bias Error (MBE). In the one-to-one comparison plots between modeled and
observed ET, we also present the coefficient of determination (R?), calculated as the square
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of the Pearson correlation coefficient, along with the least-squares regression slope
constrained through the origin.

To transparently evaluate model performance, we follow the OpenET accuracy assessment
(Volk et al., 2024). Specifically, daily accuracy statistics were calculated without using any
gap-filled station ET data, while monthly statistics included only stations with five or fewer
gap-filled days per month. For land cover-based grouping of statistical metrics, we used
the flux site metadata classification rather than the USGS NLCD.

For each flux station, RMSE, MAE, MBE, and NSE were computed individually and then
aggregated using a weighted mean. To prevent a single site with extremely low KGE and
NSE from disproportionately influencing the results, individual-site KGE and NSE values
were constrained (clamped) within the range of [-1, 1]. KGE and NSE were calculated only
for sites that had a minimum of five paired data points. Group-level statistics were
weighted by the square root of the number of paired observations per station to balance
the influence of stations, by preventing those with very long records from dominating the
results while avoiding equal weighting of stations with short records (Volk et al., 2024).

For comparison with MOD16, we followed the approach of Endsley et al. (2025) to
reproduce performance metrics consistent with their analysis. Specifically, we restricted
the evaluation to the same 61 flux-tower sites used in their MOD16-OpenET
intercomparison and did not compute site-specific metrics or apply site-level weighting.
Instead, we grouped the records into cropland and non-cropland categories and computed
performance statistics directly from the pooled paired observations, consistent with the
methodology applied in Endsley et al. (2025).

5. Results
5.1. Theoretical evaluation of RADET

We first evaluated the performance of the proposed ETpr formulation (Equation 2) and the
RADET model (Equation 4) at the daily timescale. To better understand how these
formulations operate, we compared their performance with the surface flux equilibrium

(SFE) model (ET = ~2H2(Rn—G)
L, RHA+y

(Figure 3 for EBR-corrected evaluations and Figure S3 for EBR-uncorrected evaluations).
The SFE modelis a simple equilibrium-based ET formulation that relies solely on

) using identical available-energy and meteorological inputs

meteorological variables and available energy (McColl et al., 2019). Despite its simplicity,
SFE often performs comparably to, or even better than, more complex satellite-based ET
models (Thakur et al., 2025).
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Figure 3 shows that ETpir outperforms the SFE model, even though the two share
similarities in their formulations. The SFE model typically underestimates ET under high-ET
conditions and overestimates ET when ET is low (Kim et al., 2023). ETpr effectively
addresses these issues, particularly for land cover types where advection is not expected
(6,c = 0). This is because the u terms reduce ET below equilibrium when LST exceeds air
temperature, mitigating positive biases at low ET, while the two-source treatment increases
ET with increasing vegetation cover, reflecting the higher equilibrium evaporative fraction of
canopy relative to soil.

However, ETpr still exhibits substantial biases when 6, = 1, where strong advection can
violate the DIF hypothesis. This limitation is effectively resolved in RADET model, which
builds on ETpir but conditionally incorporates Penman’s aerodynamic term when advective
enhancement is expected. This hierarchical improvement from the simple SFE model to
EToir, and finally to RADET, is consistent regardless of whether the in situ benchmark data
are energy-balance-uncorrected (Figure S3). These findings together demonstrate the
theoretical robustness of ETp relative to the well-established SFE theory, as well as the
clear advantage of incorporating aerodynamic term in the proposed RADET model.

a ¢ RADET(Eq.4)

12

©
f

SFEET (mmd™")
(s>}
RADET (mmd ™)

w
L

0 3 6 9 12 0 3 6 9 12 0 3 6 9 12
EBR-corrected in situ ET (mm d’w) EBR-corrected in situ ET (mm d’w) EBR-corrected in situ ET (mm d’1)

Figure 3 In situ ET observations versus estimated daily ET using the SFE (a), EToir (b) and
RADET (c) models. Observed ET represents energy balance ratio (EBR) corrected data. The
dashed line indicates the 1:1 line, and point colors differentiate §, = 0 and 6, = 1. R®
and the least-squares linear regression forced through the origin are shown (solid line).

5.2. Daily RADET evaluation

We first evaluate the performance of the RADET model for satellite overpass days. Only
paired data where both RADET estimates and in-situ ET observations are available were
included in the analysis (see details in Method section). One-to-one comparisons between
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RADET and in situ ET are presented in Figure 4 (EBR-corrected benchmark) and Figure S4
(EBR-uncorrected benchmark).

Across all land cover types, R? exceeded 0.62 and the regression slopes were slightly below
unity when evaluated against the EBR-corrected benchmark. When using the EBR-
uncorrected benchmark, R? values decreased modestly and the regression slopes
generally exceeded unity, except for the Wetland/Riparian group. Performance is strongest
over croplands and mixed forests (slopes of 0.96 and 0.97; R2=0.76 and 0.80), consistent
with OpenET models, which also perform well in these land covers (Volk et al., 2024).
Evergreen forests, grasslands, and shrublands also show strong correspondence (slopes of
0.9-0.93; R?=0.62-0.66), a notable result given that medium-resolution ET models often
struggle over these ecosystems (Volk et al., 2024). Wetland/riparian sites retain relatively
high explanatory power (R? = 0.68) but exhibit the lowest slope (0.79).

Croplands Evergreen Forests Grasslands
12 a0 *
y=0.96 x y=0.93x .
R*=0.76 R%=0.63 .’

I‘D

E VE

E

: Mixed Forests Shrublands Wetland/Riparian

w 124 ’ s ’
2 y=0.97 x o y=09x G y=0.79x 27
= R?=0.8 & R?=0.66 e R?=0.68 o

0 3 6 9 12 0 3 6 9 12 0 3 6 9 12
EBR-corrected in situ ET (mm d'1)

Figure 4 Daily RADET versus in-situ ET observations grouped by land cover type. Observed
ET represents energy balance ratio corrected data. For each land cover group, R* and the
least-squares linear regression forced through the origin are shown.
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Next, we further compare the performance of RADET with the individual OpenET models
and their ensemble mean. For the daily-scale analysis, the SIMS model from OpenET was
excluded because it does not account for soil evaporation (Melton et al., 2022; Volk et al.,
2024). Figure 5 summarizes the error statistics of RADET and OpenET models using EBR-
corrected in situ ET as the benchmark, while Figure S5 presents the same statistics using
EBR-uncorrected data. Overall, RADET outperforms or performs comparably to the
OpenET models and their ensemble across all land cover types under both benchmarks.

In croplands, RADET shows similar performance to the best OpenET model when using the
EBR-corrected benchmark. In particular, the negative bias commonly observed in OpenET
models over croplands is substantially reduced by RADET. A further breakdown of cropland
subtypes (Figure S6) shows that RADET performs particularly well in annual crops and
orchards. In vineyards, however, RADET tends to overestimate in situ ET, whereas previous
studies have reported that OpenET performs especially well in vineyards (Volk et al., 2024).

When the EBR-uncorrected benchmark is used, RADET’s performance becomes similar to
that of the OpenET models in croplands, primarily due to a larger positive bias. However, it
is important to note that the eddy covariance technique does not capture horizontal
advection (Mauder et al., 2020), which increase surface energy imbalance particularly over
irrigated croplands and potentially introduce bias in in-situ ET when EBR correction is not
applied (Volk, Huntington, Melton, Allen, et al., 2023).

For evergreen forests, mixed forests, grasslands, and shrublands, RADET consistently
outperforms all OpenET models and their ensemble across statistical metrics. This result is
consistent for both EBR-corrected and uncorrected benchmarks. Notably, substantial
improvements were observed over evergreen forests and shrublands, where OpenET
models exhibited negative NSE values (indicating performance lower than the observed
mean), whereas RADET maintained positive NSE. Furthermore, OpenET models show a
pronounced positive bias in evergreen forests, which has been linked to systematic
overestimation of ET in forested watersheds in recent studies (Nassar et al., 2025). This
bias is substantially reduced by the RADET model.

For the Wetland/Riparian group, RADET performs comparably to the OpenET models when
evaluated against the EBR-corrected benchmark. The lack of a large performance
improvement is primarily linked to RADET’s negative bias in this group. As shown in Figure
S6, RADET underestimates in-situ ET at most riparian sites, whereas this bias is not evident
in wetland sites. This discrepancy arises because the advection term is not applied to
riparian sites, which are not classified as wetlands in the USGS NLCD land cover dataset.



757

758
759
760

761

762
763

a
0.6 1
L 0.4 A
O
'
0.2 4
0.0 4
Cropiands Evergree'm Forests Grass‘,\ands Mixed !I:orests Shruiz;lands Welland;Riparian
b 0.8 1
0.4 1
u kal
0 0.0+
=z
-0.414
-0.8 i 1 T T T T
Croplands  Evergreen Forests Grasslands Mixed Forests Shrublands  Wetland/Riparian
model
c - - =
o~ 154 D geeSEBAL
I
= [:' PT.JPL
E 104
3 SSEBaop
L
0 05+ eeMETRIC
E DisALEXI
el T — T = T T " — : Ensemble
Croplands  Evergreen Forests Grasslands Mixed Forests Shrublands  Wetland/Riparian RADET
d = —
Ty 104
£
E
w 054
<
=
OIG- T — T T T T — T
Croplands  Evergreen Forests Grasslands Mixed Forests Shrublands  Wetland/Riparian
e
T 054
£
E
w 0.0+
m
=
0.54
Cropl\ands Evergreeln Forests Grasleands Mixed Il:oresls Shrubllands Welland;'Riparian

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

As RADET showed improved performance particularly over evergreen forests and
shrublands, we selected two representative Landsat scenes: one containing four in situ
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flux sites located in evergreen forests in Oregon (Figure 6), and another containing two
shrubland sites and one grassland site in Nevada (Figure 7).

The evergreen forest scene (Landsat 8; July 26, 2024) covers an area near the Metolius River
in Oregon (Figure 6). This region exhibits a pronounced gradient from evergreen forest to
shrubland (left to right), with several forest-clearing patches on the western side of the
scene and cropland patches near the river on the eastern side. The scene also includes
four flux tower sites (US-Me1, US-Me2, US-Meb, US-Me6). Both RADET (Figure 6a) and the
OpenET ensemble (Figure 6b) capture these land cover transitions at 30 m resolution,
though the strength of the spatial contrast differs between the two. Specifically, OpenET
generally produces higher ET than RADET over evergreen forests. In situ ET measurements
from the four flux sites indicate that RADET agrees more closely with observations across
this region (e.g., KGE = 0.65 for RADET vs. 0.32 for the OpenET ensemble; Figure S7a),
primarily due to RADET reducing the positive bias presentin the OpenET ensemble.

0.0 3.0 6.0

Figure 6 Comparison of daily ET between (a) RADET and (b) the OpenET ensemble for a
single Landsat 8 scene acquired on July 26, 2024, over central Oregon near the Metolius
River. The four red points mark flux tower sites located in evergreen forest: US-Me1, US-
Me2, US-Meb5, and US-Me6. The satellite image covers primarily evergreen forest (left) and
shrubland (right), with several forest-clearing patches on the western side of the scene and
croplands on the eastern side. White spots result from cloud masking.
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The second scene (Landsat 8; July 14, 2023) covers a dry, semi-arid region of Spring Valley
in eastern Nevada (Figure 7). The scene includes mountain ranges on the western and
eastern sides and a broad valley in the center, where three flux tower sites are located (SV-
5, SV-6, SPV-3). The valley is primarily classified as shrubland, with a few cropland patches.
Across the extensive shrubland areas, the OpenET ensemble produces ET values that are
close to zero, whereas RADET yields noticeably higher estimates. In situ ET observations
from the three flux sites show that RADET substantially improves agreement with
measurements by reducing the underestimation error of the OpenET ensemble (e.g., KGE =
0.71 for RADET vs. 0.43 for the OpenET ensemble; Figure S7b).

ET (mm/day)
| =
0.0 2.0 4.0

Figure 7 Comparison of daily ET between (a) RADET and (b) the OpenET ensemble for a
single Landsat 8 scene acquired on July 14, 2023, over the Spring Valley in Nevada. The
three red points mark flux tower sites located in shrublands: SV-5, SV-6, and a grassland:
SPV_3. The satellite image covers primarily shrubland, with a few cropland areas in the
right-bottom portion of the scene.

5.3. Monthly RADET evaluation

We evaluated the performance of the monthly RADET model using one-to-one
comparisons between RADET estimates and in situ ET observations (Figure 8: EBR-
corrected benchmark; Figure S8: EBR-uncorrected benchmark). In Figure 8, two
benchmark criteria were applied: a strict quality-control criterion (< 5 gap-filled days) and a
relaxed criterion (= 5 observed days). For the EBR-uncorrected comparison shown in Figure
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S8, only the strict criterion was used, as the gap-filling scheme of (Volk, Huntington,
Melton, Allen, et al., 2023) applies exclusively to EBR-corrected ET data.

For the EBR—corrected benchmark under the relaxed criterion, RADET achieved R® values
exceeding 0.7 across all land cover types, with regression slopes close to unity. While
croplands showed slightly improved performance under the strict criterion, some dry land
covers, such as shrublands, exhibited the opposite pattern. In particular, shrubland R®
decreased from 0.76 under the relaxed criterion to 0.68 under the strict criterion. This likely
reflects the exclusion of high monthly ET values associated with precipitation events under
the strict criterion, which were retained in the relaxed benchmark and well captured by
RADET. The EBR-uncorrected benchmark showed comparable R? values but generally
higher regression slopes.
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Figure 8 Monthly RADET versus in-situ ET observations grouped by land cover type.
Observed ET represents EBR corrected data. Red points indicate results under the strict
benchmark criterion (<5 gap-filled days), while black points indicate the relaxed
benchmark criterion (=5 observed days). For each land cover group, R? and the least-
squares linear regression forced through the origin are shown.
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We then compared the performance of RADET with the individual OpenET models and their
ensemble mean at the monthly scale. Figure 9 summarizes the error statistics of RADET
and the OpenET models using EBR-corrected in situ ET as the benchmark, while Figure S9
presents the same statistics using EBR-uncorrected data. We also present one-to-one
comparison plots of in-situ ET versus the individual OpenET models, the OpenET
ensemble, and RADET in Figures S10-S15. Overall, RADET outperforms or performs
comparably to the OpenET models and their ensemble across all land cover types under
both benchmarks, consistent with the results at the daily scale.

For croplands, RADET performs similar to the best OpenET model under the EBR-corrected
benchmark, but shows reduced performance with the EBR-uncorrected benchmark. As
discussed in the daily-scale analysis, this difference reflects the large surface energy-
balance closure errors that occur under advective conditions in irrigated croplands.

Across other land cover types, including evergreen forests, mixed forests, grasslands, and
shrublands, RADET consistently shows the best performance for all statistical metrics,
regardless of the benchmark dataset. Consistent with the daily-scale evaluation, notable
improvements were observed for evergreen forests and shrublands. In shrublands,
monthly NSE values were generally negative for all models, primarily because observed ET
exhibits very low temporal variability, causing NSE to penalize even small absolute errors.
Nevertheless, RADET still produces positive NSE values, indicating comparatively superior
skill in capturing the subtle month-to-month variations in shrubland ET. When evaluated
using EBR-uncorrected data, NSE values for the OpenET models remain mostly negative
across all natural land cover types, whereas RADET maintains positive NSE.

To examine the spatial pattern of these improvements, Figure 10 illustrates the difference in
KGE between the RADET model and the OpenET ensemble at the monthly scale. Although
the OpenET ensemble is not necessarily the best model at every site, it generally performs
better than individual models and thus provides a representative reference. The proposed
RADET model generally performs better than the OpenET ensemble, with substantial
improvements observed at sites located in natural ecosystems, whereas slight
performance degradation is occasionally observed in croplands. Notably, RADET shows
marked performance gains across the western United States.
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860  Figure 9 Comparison of monthly error statistics between RADET and OpenET models,
861 grouped by land cover type. Model evaluations were performed using EBR-corrected in situ
862  ET with strict QA criterion (=5 gap-filled days) as the benchmark.
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Figure 10 Spatial distribution of the difference in the Kling—Gupta Efficiency (KGE) between
the RADET model and the OpenET ensemble at the monthly scale. Blue indicates
improvement, whereas red indicates degradation in RADET performance relative to the
OpenET ensemble. Absolute KGE differences greater than 0.4 were limited to +0.4 to
constrain the color range. Point shapes denote land cover types. Exact site locations were
slightly jittered to reduce overlap among closely spaced points.

5.4. Intercomparison with MODIS-based models

We evaluated the monthly performance of RADET against the PML-V2 product, the current
operational MOD16 Collection 6.1 ET product, and the recently updated MOD16 version
(expected for release in MODIS Collection 7) (Table 2). Following the MOD16-OpenET
intercomparison framework of Endsley et al. (2025), we used the same set of 61 flux-tower
sites (none of which are used for parameter calibration in MOD16) and computed
performance metrics directly from pooled cropland and non-cropland records, without
applying site-level weighting or aggregation. It is worth noting that our reproduction of the
Endsley et al. (2025) statistics showed minor discrepancies, likely due to differences in
data filtering arising from the inclusion of additional ET products (e.g., RADET and PML-V2).

Among the MODIS-based products, PML-V2 and the updated MOD16 version both
performed substantially better than the current operational MOD16 Collection 6.1 for
croplands as well as non-croplands. This pattern is consistent with previous studies
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reporting improved skill in PML-V2 and the updated MOD16 relative to the current MOD16
Collection 6.1 (Endsley et al., 2025; Zhang et al., 2019). Despite these improvements in the
recent MODIS products, RADET still demonstrated superior performance. Over croplands,
RADET outperformed all MODIS-based products by a wide margin, and over non-cropland
sites RADET exhibited either clearly better or at least comparable performance relative to
the more advanced MODIS products.

Table 2 Performance metrics for monthly RADET, the PML-V2 product, the current MOD16
Collection 6.1 (C6.1), and the updated MOD16 version expected to be released with
Collection 7 (C7). Metrics are calculated using the 61 flux-tower sites following Endsley et
al. (2025). Performance is summarized separately for croplands and for all non-cropland

sites.
Model RMSE (mm mon™) MBE (mm mon™) Correlation KGE
RADET 25.2 +4.2 0.93 0.87
& OpenET Ensemble 19.1 -6.9 0.96 0.90
LE_ PML-V2 36.0 -16.2 0.86 0.53
8 C6.1 MOD16 51.6 -29.9 0.76 -0.08
C7MOD16 34.2 -13.0 0.86 0.61
RADET 19.0 +4.3 0.92 0.84
2 OpenET Ensemble 28.2 +8.7 0.84 0.70
E PML-V2 24.2 -0.52 0.84 0.84
Z C6.1MOD16 26.3 -8.23 0.81 0.68
C7MOD16 24.6 +3.1 0.83 0.81

6. Discussion
6.1. Assimple as possible, but not simpler

The proposed RADET model is substantially simpler than many surface energy balance
models used for satellite-based ET estimation. Because RADET is grounded in the
equilibrium framework implied by the DIF hypothesis (Raupach, 2001), it does not require
aerodynamic conductance or surface conductance parameterizations. These parameters
typically rely on semi-empirical formulations, land cover-specific calibration, and canopy-
height-dependent coefficients, and they are a major source of uncertainty in satellite-
based ET estimation (Mallick et al., 2022; Polhamus et al., 2013; Trebs et al., 2021). By
avoiding this dependency through a distinct theoretical assumption, RADET retains a
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compact analytical form without any site-specific calibration. The computational cost is
also low, because the model does not require the iterative solution of the surface energy
balance used in TSEB-type models (Anderson et al., 2012; Anderson et al., 2007; Norman
et al., 1995), nor the simultaneous iterative solving of aerodynamic and surface
conductances as in the STIC model (Mallick et al., 2014).

Thus, RADET remains simple but not at the expense of essential processes. Its two-source
formulation informed by optical remote sensing, the radiatively coupled equilibrium
solution derived from thermal remote sensing, and the conditional incorporation of
Penman’s aerodynamic term under advective conditions collectively distinguish it from
simpler SFE-based approaches (Figure 3). Together, these components allow RADET to
capture the key drivers of ET variability, make effective use of satellite-derived information,
and achieve strong performance across diverse land cover types.

6.2. Overcoming spatial-temporal resolution constraints

Remote sensing-based ET estimation involves a well-known trade-off between spatial
resolution and revisit frequency. Medium-resolution sensors (10-100 m; e.g., Landsat,
Sentinel-2) provide the spatial detail, whereas moderate-resolution sensors (250 m-1 km;
e.g., MODIS, VIIRS) offer more frequent observations but at the cost of spatial aggregation.
Because irrigated croplands typically exhibit strong contrasts with adjacent non-irrigated
areas, medium-resolution thermal and optical data are especially effective at capturing
field-level heterogeneity (Radeloff et al., 2024). As a result, medium-resolution energy-
balance models consistently outperform coarse-resolution products in croplands (Endsley
etal., 2025).

In contrast, moderate-resolution ET models generally perform well over spatially
homogeneous natural ecosystems, where ET is driven by large-scale canopy and
atmospheric controls rather than subfield variability (Chen & Liu, 2020). Their higher revisit
frequency allows them to capture day-to-day variability and reduces temporal sampling
errors, providing an advantage in forests, grasslands, and shrublands when surface
conditions vary smoothly in space.

The performance of RADET challenges this conventional expectation. Despite relying solely
on Landsat, with revisit intervals of 8 days (or 16 days when only one satellite is
operational), RADET produces ET estimates that (i) match the performance of the best
OpenET models in croplands, and (ii) exceed the accuracy of state-of-the-art MODIS-based
products across natural ecosystems at monthly timescales. This is notable because
RADET operates with far fewer temporal observations, whereas MODIS-based products
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benefit from near-continuous temporal coverage. The results demonstrate that accurate
representation of key physical processes, rather than temporal density of observations
alone, can substantially improve ET estimates even in natural ecosystems.

Moreover, higher spatial resolution offers important advantages beyond croplands.
Medium-resolution ET allows detection of fine-scale disturbances, characterization of
heterogeneous or patchy vegetation, delineation of small watershed boundaries, and
improved representation of riparian corridors and land-use edges (e.g., Figures 6 and 7).
These benefits can only be realized if the medium-resolution ET itself is reliable across
diverse land cover types (Radeloff et al., 2024). RADET provides this capability by delivering
high-accuracy ET at 30-m resolution across both agricultural and natural landscapes,
thereby opening new opportunities for water-resources applications that require spatial
detail, high accuracy, and physical realism.

6.3. Room for Improvement

Although RADET demonstrates a robust theoretical foundation and strong performance
across diverse land cover types, several limitations warrant further investigation and
refinement.

First, the current implementation relies on land cover classification and NDMI to determine
whether advective conditions are present, thereby dictating when Penman’s aerodynamic
term should be activated. This rule-based approach performed reasonably well overall but
showed limitations in specific contexts. For instance, several riparian sites were not
labeled as wetlands in the NLCD database, resulting in the aerodynamic term not being
applied and leading to ET underestimation (Figure S6). Conversely, RADET tended to
overestimate ET at vineyard sites, likely because deficitirrigation reduces ET (Volk et al.,
2024), while the model assumes strong advection based on crop type alone (Figure S6).
Future work could improve this component by (i) incorporating irrigation-status information
(e.g., Ketchum et al., 2020), (ii) explicitly identifying riparian zones (e.g., Albano et al.,
2020), or (iii) developing a physically based indicator of local advection derived from
thermalimagery (e.g., spatial temperature gradients or relative pixel coolness).

Second, because RADET relies on Landsat’s relatively infrequent revisit interval, monthly
ET estimation requires temporal interpolation. Although we tested several interpolation
strategies (e.g., based on shortwave radiation or reference ET) and found only modest
differences among them, the interpolation step remains a key component of the workflow.
This is especially important for extending RADET to periods before 2000, when only a single
Landsat satellite was available. A more rigorous evaluation, such as a theoretical
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assessment of temporal sampling error and testing interpolation approaches grounded in
physical models (Riba et al., 2025), could further improve RADET’s accuracy on days
without satellite observations.

Third, RADET has thus far been evaluated only within CONUS. Applying the model across
broader climatic and ecological gradients is an important next step. In particular, its
performance in tropical forests, with and without advective enhancement, remains
uncertain, as does its behavior on islands or coastal environments where oceanic humidity
transport may violate the DIF assumptions. Extending RADET to global settings will require
testing across diverse biomes, assessing its validity under conditions of both strong and
weak advection, and identifying where model structural refinements are needed.

6.4. Future applications

This study demonstrates the operational potential of RADET by showing that the model
achieves high accuracy with a relatively simple formulation and minimal computational
cost. Preliminary benchmark tests on Google Earth Engine indicate that the computational
demand of RADET is similar to models in OpenET that require low computation, such as
SIMS and PTJPL. By providing a Python processing pipeline that follows the structure of the
current OpenET code and makes use of OpenET core functions, RADET has clear potential
for wider applications beyond the present study area. For instance, the model can be
applied to regions in other parts of the world or used to generate operational ET products
through open-source workflows.

Although RADET is demonstrated here with Landsat data, the formulation is not limited to a
specific sensor and can be extended to satellites with different spatial, spectral, and
temporal characteristics. Integrating RADET with the Harmonized Landsat and Sentinel
product, similar to the HSEB approach described by Jaafar et al. (2022), would maintain
medium spatial resolution while greatly improving revisit frequency. Applying RADET to
missions with finer thermal resolution such as ECOSTRESS or Hydrosat also represents a
promising direction. These extensions are expected to further improve ET estimation,
especially considering that RADET already shows strong performance using only Landsat
observations.

In practical terms, RADET can be used not only to investigate agricultural water use but
also to estimate water yield, groundwater recharge, and overall water availability. These
applications are possible because RADET provides high spatial detail and small bias across
a wide range of land cover types. For example, RADET shows substantial improvements
around the Great Basin (Figure 10), highlighting its potential for regional water-availability
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assessments. To support such uses, future studies should include water balance
evaluations to assess RADET from a practical and hydrologic perspective. Advancing
RADET toward broader real-world application will require exploring how to make the best
use of its strengths, which include high spatial detail and consistently high accuracy across
many environments, capabilities not previously achieved by other ET models based on
satellite data.

7. Conclusion

Medium resolution remote sensing for ET estimation has advanced rapidly, and several
practical products have emerged in recent years. However, as highlighted by Radeloff et al.
(2024), a major remaining challenge is the need for ET estimates that remain reliable across
all land cover types. Conventional approaches generally do not meet this requirement. This
study introduces RADET, a medium resolution ET model designed to address this gap by
providing accurate ET estimates across diverse environments.

RADET is grounded in an equilibrium theory and applies an aerodynamic term only when
the equilibrium assumption is expected to be violated. The model demonstrates superior
accuracy compared with existing medium resolution models that rely on Landsat data and
with moderate resolution products based on MODIS that benefit from more frequent revisit
intervals. This performance is achieved without any land cover specific calibration and
without the iterative computations that are common in many surface energy balance
models and that require substantial computational resources.

Several directions remain for future work. These include addressing known limitations of
the model, extending RADET beyond the CONUS, applying the formulation to additional
satellite sensors, and generating fully operational products. At the same time, future
studies should explore the practical advantages of RADET. By providing consistently
accurate evapotranspiration estimates at fine spatial resolution, RADET enables forms of
analysis that are not feasible with existing models, including improved water resources
assessment and management. Advancing RADET toward broader real-world application
will require efforts to fully utilize this capability and to demonstrate the value of high
resolution and physically transparent evapotranspiration estimation in practice.
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Data availability

The open-source Python implementation of the RADET model will be released in a
subsequent version of the preprint, expected around the time we submit the manuscript to
ajournalin February 2026. All input data used for RADET are publicly available through the
Google Earth Engine Data Catalog (https://developers.google.com/earth-
engine/datasets/catalog) or the Awesome GEE Community Catalog (https://gee-

community-catalog.org/). The resulting RADET data for the flux-tower site locations are
available at https://doi.org/10.5281/zenodo.18225226. The post-processed in situ flux data
are available at https://zenodo.org/record/7636781. OpenET data extracted for the flux-
tower site locations are available at https://doi.org/10.5281/zenodo.10119477. MODIS-
based evapotranspiration data are available through the Google Earth Engine Data Catalog
or upon request (for the updated MOD16 product provided by Arthur Endsley).
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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.

9cGac MW
LE.=L,p———————[e*(T,) — Al
= Lp 2 T e (1) — e (a1)
H, = pcpgac(Tc —Ty) (42)

where LE. is latent heat flux at the canopy, H. is sensible heat flux at the canopy, L, is latent
heat of vaporization, c, is specific heat of dry air at constant pressure, p is air density, PAis
air pressure, MW, is molecular weight ratio of water vapor versus dry air (0.622), g. is
canopy surface conductance, g,c is aerodynamic conductance for heat between canopy
surface to the reference height, e(T.) is saturation water vapor at the canopy surface
temperature T;, and g, is reference height water vapor. Here, we assume that g,c is identical
for water vapor and heat transfer (Monin & 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):

ge A 9c9ac MW,

LE,=—2 "H_+L,p
© G+ Gacy ¢ U ge+ gac PA

VPD, (43)

where A is the slope of the saturation vapor pressure curve with respect to air temperature
(T,); yis the psychrometric constant; VPD, is vapor pressure deficit at the reference height
(i.e., VPD, = e*(T,) — e,).

Next, we express H. using the canopy surface energy balance,
H. =R,.— LE, (A4da)
Ry = (1 —15)SWp + (1 — 7)) (LW + LWspiy — 280T04) (A4b)

where SW, is net shortwave radiation, 75 and 7, are shortwave and longwave transmissivity,
respectively, LW.m is long wave radiation from atmosphere, LW, is longwave radiation
emitted from soil, € is land surface emissivity, g is Stefan-Boltzmann constant. In Equation
(Adb), the last term on the right-hand side represents the bidirectional longwave radiation
emitted from the canopy.



In order to eliminate dependency of R, on land surface temperature, we introduce the
isothermal net radiation (Rnci), which is defined as R if T, = T, (Kim et al., 2023; Martin,
1989; McColl, 2020; Monteith, 1981; Raupach, 2001).

Ryci = Ry + 8(1 - TL)SUTa3(Tc - Ta) (AS)

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

8(1 — 1,)e0T, (T, — T,) = %Hc (46)

ac

8(1-7.)e0T,>
PCp

Equations (A5) and (A6) into (A4) yields:

where gp.(= ) is radiative conductance at canopy surface. Substituting

gac

H =———
Yac + IRc

(Rnci - LEC) (A7)

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

ge A Yac

_ | 9eGac MW,
Ic + YacY Yac + YRc

ge+ gac PA

LE, (Rnci - LEC)] + Lyp VPD, (AS)

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

99ac
including the flux term, to be independent of g... By taking the partial derivative of Equation

under the DIF assumption (i.e., = 0), we can consider all variables in Equation (A8),

(A8) with respect to g, and performing some algebraic manipulation (i.e., multiplying both

sides byM and then substituting Equation A7), we obtain:
A MW,
0= [_ Yac + IRc ]_Hc + va YcYac r VPDa (A9)
Yc + Jac Yac + Grc' VY Ic + Yac PA

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

Jac A

LE,=—————H,
Yac + )04

(A10)
— JactIRc

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

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



A

LE. =
© A+py

Rnc (A11)

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, u. stillincludes the g.. term, which we aim to eliminate. To address this, we
performed additional algebraic manipulation by substituting Equation (A10) into Equations
(A4) and (A7), respectively.

H. =R, . — iéHc (A12a)
ucy
H, = i(Rnci - léHc) (A12b)
Uc Ucy

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

1
—R. .
R nci
ne = te (A13)
L 1A7 12
eV TEes
By performing some algebraic manipulation, we can write:
) A
Rpctte® — Rucibte — ;(Rnci —Ry)=0 (A14)
By solving Equation (A14) with respect to positive ., we obtain:
2 A
Rnci + \/Rnci + 47Rnc(Rnci - Rnc)
= A15
ALlC anc ( )

At this stage, the expression for . no longer depends on g... We can also express Equation
(A15) explicitly using vertical temperature difference by substituting Equation (A5) to
eliminate R.;, which yields:

_ Rpc +8(1 —1)e0T,* (T, — T,) N

MC ZRnC
J[Rnc + 8(1 - TL)EUTa3(Tc - Ta)]z + 32§Rnc(1 - TL)EJTa3(Tc - Ta)
2R (A16)
nc

Equation (A16) is equivalent to Equation (3a) in the main text.



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 (Kim et al., 2021;
Monteith, 1981):

MW, .
LE; = vagasﬁ [RHse (Ts) - ea] (B]-)
Hs = pcpgas(Ts —Ta) (B2)

where LE; is latent heat flux at the soil, Hs is sensible heat flux at the soil, g.s is aerodynamic
conductance for heat and water vapor between soil surface to the reference height, RH; is
relative humidity at the soil surface, and T; is soil surface temperature.

While g. was assumed to be independent of g.c in the canopy model, RH;, representing
water potential, is similarly assumed to be independent of g,s 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 (Kim et al., 2021; Monteith, 1981):

RHA MW, i
Hg + Lypgas —— [RHse™ (Ty) — eq] (B3)

LE; =
* PA

Next, we express H; using the soil surface energy balance.
Hy =R,s — G — LE; (B4a)
Rus = TeSWy + 1. LW + (1 — 7)) LWeanopy — €075 (B4b)

where R,s is net radiation at soil surface, G is soil heat flux, LW anopy 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 (McColl, 2020; Raupach,
2001):



k
G = i(TS -T,) (B5)

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

The isothermal available energy at the soil surface can be defined as follows model

(McColl, 2020; Raupach, 2001):

k
Rnsi - Gi = Rns -G+ [450Ta3 + d_g] (Ts - Ta) (36)
AEg; AE; 9

where f;(= 1 — f,) is fraction of soil, AE; is available energy at the soil surface, and AE,;
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:

k +
[4e0T,% +-2|(T, — T,) = 22" 9o (B7)
dg as
4€O'Ta3 . . . kg/dg .
where gps(= e ) is radiative conductance at soil surface, g, (= T) is storage
p p

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

— Yas
Yas + IRs + gg

(AEsi - LES) (38)

N

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

_RHA  ga

LE
Y Yas t 9rs t 9y

MW, )
(AEsi - LES)] + vagas ﬁ [RHse (Ta) - ea] (39)

Equation (B9) excludes any meteorological variables at the soil surface (e.g., surface

temperature and humidity), whose values can vary with changes in g, (Figure 1). Thus,
OLEs _
09as N
including the flux term, to be independent of g,s. By taking the partial derivative of Equation

under the DIF assumption (i.e., 0), we can consider all variables in Equation (B9),

(B9) with respect to g.s and performing some algebraic manipulation (i.e., multiplying both
sides by g.s and then substituting Equation B8), we obtain:
_ Irs + gg RHSA
Yas + Irs + gg Y

MW, .
Hs + vagas ﬁ [RHse (Ta) - ea] (BlO)



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

RHA
LE, = Gas iy (B11)
Yas + ):5 + gg 14
By defining ug = gaﬁjﬂ and substituting Equation (B4) (i.e., the soil surface energy

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

RH,A

LE,=—
*  RH(A+ sy

(Rns - G) (312)

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

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

1 RH A
H, = AE, — — H, (B13a)
T
H, = ! (AE ! RHsAH) (B13b)
Tt o oy

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

1
AE B M_SAESl'
1 RHA ~ 1 RH.A
1+—— 1+-——72
Us Y Us®> Y

(B14)

By performing some algebraic manipulation, we can write:

RH,A

AEgus® — AEgiug — (AEi; —AE5) =0 (B15)

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

AE; + \/AESL-Z + 4RHSA AE (AE,; — AE))

At this stage, the expression for u; no longer depends on g.s. We can also express Equation
(B16) explicitly using vertical temperature difference by substituting Equation (B6) to
eliminate AEs;, which yields:



k
AE + (4e0T,> + d—g) (T, — T,)
g

fs = 2AE, +

Kk
j [AE; + (4e0T,% + ) (T, — TP + 4R§I/SA
g

k
AE (4e0T,> + d—g) (T, — T,)
g

TAE. (B17)

Equation (B17) is equivalent to Equation (3b) in the main text.



Appendix C: Derivation of Equation 10

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

H = pcpgau(LST —Ty) (€1)

where g, is the daily aerodynamic conductance for heat. All temperature variables in
Equation (C1) represent daily average.

The ratio between the canopy sensible heat flux (Equation A2) and the total sensible heat
flux (Equation C1) can then be expressed as:
Hc pcpgac(Tc - Ta)

— = (c2)
H pcpgaH(LST —Ta)

From the single source perspective (e.g., bigleaf parameterization), the canopy surface can
be considered to function aerodynamically as the land surface itself. In other words, LST 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 g,y = gq4c, and Equation (C2)
simplifies to:

Tc - Ta Hc

IST—T, H 3

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

Hey HsY
H=—"—“—Ry +—"—
A+pcy ™ RHA+ pgy

R, (C4a)

c

(Rns - G) (C4b)

Substituting Equations (C4a) and (C4b) into Equation (C3) gives:

,U-C]/ R
TC - Ta A + .Uc)/ nc

LST—T, RV _ _ &Y,
“ A + M(Jy Rnc + 121-15‘A + Ilsy (RTLS G)

(€5)

Because several terms in (C5) require knowledge of T; and T, further approximations are
introduced to obtain a tractable expression without iteration.

First, we assume soil heat flux is negligible at the daily timescale for this derivation.
Dividing both numerator and denominator of (C5) by net radiation yields:



Uy £

TC - Ta A + l’lc‘y (C6)
B+ uey’e Y REA + gy ¢

where f; represents the fraction of net radiation absorbed by the canopy.

Second, we assume that the y,. and u, terms are close to unity, implying small differences
between surface and air temperatures. Thus, the expression simplifies to:

T, —Tq _ fc

LST-T, A+
° fetmmayy -

(€7)

Third, we assume that the soil surface relative humidity is close to the atmospheric relative
humidity at reference height (RH; = RH,) (Kim et al., 2021). This yields:

T, —T, _ fc

(C8)

Rearranging Equation (C8) gives Equations (10a) and (10b) in the main text.
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Figure S1 Evaluation of daily mean land-surface temperature (LSTqaiy) 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 LST..iy. Each panel corresponds to a different land cover type.
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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 6, = 0 and §;, = 1. R®
and the least-squares linear regression forced through the origin are shown (solid line).
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squares linear regression forced through the origin and R* are shown.
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Figure S6 Daily RADET versus in-situ ET observations grouped by land cover subgroups.
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Figure S11 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 S12 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 S13 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.



a ol y=12x R?=036 . b a00d ¥y=11x R%*=047 s
= 7’ s
N -
E
£ 4 £ J
£ 200 g 200
2 E
-
& 1004 & 100
@ B
2 o
(@]
0+ 04
0 100 200 300 0 100 200 300
Closed EC ET (mm/mon) Closed EC ET (mm/mon)
- 2_ d - 2
300 ¥=0.78x R*=057 4 3004 ¥=091x R?=04 7’
. ’ = ’
e [s) yd
g £ .
' 200 E 2004 ’
£ o
& x
@ 100 1001
" -
%) Q
]
0+ 0+
0 100 200 300 0 100 200 300
Closed EC ET (mm/mon) Closed EC ET (mm/mon)
€ 0l y=098x R?2=046 f
= 7’
=
o]
E
£ 200
E
<
4 100
<
]
a
D_
0 100 200 300
Closed EC ET (mm/mon)
9 .,] y=098x R2=048 210 I y=095x RZ=06s8 ’,
= ’ - Ve
g S
£ £
£ 200 T 2001
£ £
2 ~
E 1004 & 100
o
: 3
w
0+ 0
0 100 200 300 0 100 200 300
Closed EC ET (mm/mon) Closed EC ET (mm/mon)

Figure S14 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 S15 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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