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Abstract. The task of reliably partitioning evapotranspiration (ET) is imperative so that we can better understand how 

individual components of the terrestrial water flux are contributing to the global hydrological cycle and changing under a 

warming climate. By constraining how evaporation (E) and transpiration (T) separately adapt to increased global temperatures, 

we can make more accurate predictions in land surface models, further our understanding of plant water use, and better manage 10 

our limited water resources. Eddy covariance (EC) is a globally used technique that measures net biosphere-atmosphere fluxes, 

including ET, and if reliably partitioned, presents a promising way to constrain E and T values and trends across ecosystems. 

Several EC-based ET partitioning methods exist, and there is a need for an updated comprehensive guide to the available 

approaches. This systematic literature review was conducted with the objectives of 1) identifying EC-based ET partitioning 

methods and categorizing them based on underlying ecosystem assumptions, 2) determining the main advantages and 15 

disadvantages of each method dependent on their assumptions and data requirements, and 3) evaluating how broadly these 

methods have been testedapplied based on geographic location and ecosystem type. The review identified 1011 independent 

partitioning methods testedapplied across 123129 studies. Methods using assumptions of underlying water use efficiency 

(uWUE) and ecosystem conductance all use the relationship between ET and gross primary production with vapor pressure 

deficit (VPD) to estimate the transpiration ratio (T/ET). Additionally, two machine learning based methods, one method 20 

assuming a linear relationship between ET and gross ecosystem photosynthesis, and threefour methods using high frequency 

EC data to estimate T/ET were identified. The uWUE methods, while the most frequently used partitioning approach, 

consistently predicted the lowest T/ET estimates when compared to both other EC and many non-EC based partitioning 

methods. The machine learning methods predicted the highest T/ET values compared to other EC-based methods which agreed 

well with values estimated with independent methods. Savannas and evergreen broadleaf forests had the highest T/ET of all 25 

ecosystem types while deserts and wetlands had the lowest. Leaf area index and soil water content were found to be the most 

important drivers of T/ET values and trends with VPD and air temperature also displaying significant effects. Of the global 

studies identified in this review, an average annual T/ET value of 0.58573 ± 0.10 was found, a value that falls within the range 

of other studies using isotopic partitioning, remote sensing methods, and global estimates from various ecosystem models. 

More testing, specifically increased paired analyses of two or more EC-based ET partitioning methods on the same dataset, is 30 

Formatted: Top:  0.39", Bottom:  0.93"



 

2 

 

and more validations against independent observations, are needed in order to fully understand the applicability of each 

method, their differences, and to better constrain global T/ET dynamics. 

1 Introduction 

Evapotranspiration (ET) is the combined water flux of terrestrial ecosystems whereby 65,000 – 76,000 km3 of water leaves 

land surfaces to the atmosphere annually (Dorigo et al., 2021; Jung et al., 2019; Oki & Kanae, 2006). While global ET trends 35 

will continue to change under the warming climate, land surface models (LSM) have not converged on a predicted trend with 

some models indicating an increase in global ET due to increased temperatures (Brutsaert, 2017; Zeng et al., 2018) and other 

models indicating a decrease due to decreased water supply (Gedney et al., 2006; Jung et al., 2010). The importance of properly 

constraining the water flux in LSMs is paramount so that we can further our understanding of the terrestrial water cycle and 

better manage water resources under a changing climate (Dolman et al., 2014; Fisher et al., 2017; Stoy et al., 2019). However, 40 

to reliably model and predict ET, we must understand its two primary components: evaporation (E) and transpiration (T).  

 Evaporation is a physical process by which water is lost from non-stomatal surfaces,. This is most often from soil 

surfaces (bare soil evaporation) or but can extend to a wet canopy (including leaves and moist ground surfaces) following a 

precipitation event (hereafter interception evaporation). will refer to any E from wet surfaces directly following rain) or include 

snow sublimation in high-elevation sites. Water availability and vapor pressure deficit (VPD) are major drivers of E where the 45 

magnitude of E increases when atmospheric water demand and the surface soil water content are high (Kool et al., 2014; Scott 

& Biederman, 2017). Transpiration is water lost through stomata during carbon assimilation, linking the carbon and water 

fluxes from vascular plants (Katul et al., 2012; Kool et al., 2014; Li et al., 2019; Zhou et al., 2016). T is the other major  

component of ET, but has large uncertainties on a global scale, accounting for anywhere from 35-90% of the annual water flux 

from land surfaces (Coenders-Gerritis et al., 2014; Good et al., 2015; Jasechko et al., 2013; Schlesinger & Jasechko, 2014; 50 

Wang et al., 2014). T is largely dependent on leaf physiology and is difficult to estimate in heterogenous ecosystems (Nelson 

et al., 2020; Reich et al., 2024). Like E, T is also dependent on soil water availability and VPD (Beer et al., 2009; Grossiord et 

al., 2020; López et al., 2021b). T is predicted to increase with rising global VPD, leading to a decrease in plant water use 

efficiency (López et al., 2021b; Novick et al., 2016; Yuan et al., 2019) although this response is highly variable depending on 

plant species and environmental conditions (Grossiord et al., 2020). Because T is a major component of the terrestrial water 55 

flux, its shifts in magnitude due to climate change will have repercussions for the rest of the global water cycle (Berkelhammer 

et al., 2016; Gerken et al., 2018).  

 While both T and E have similar and even overlapping drivers, the rates at which they respond to these drivers are 

unequal in magnitude (Scott &and Biederman, 2017). For example, the timescales on which E and T operate differ 

significantly, another factor impacting the hydrological cycle (Scott et al., 2006; Scott &and Biederman, 2017). Rates of E will 60 

increase in response to any precipitation event that results in wet surfaces. On the other hand, T will only respond to rainf all 

when enough water has entered the ecosystem and root zone to allow for plant water uptake, a response that can lag up to 10 



 

3 

 

days after the precipitation event (Kurc & Small, 2007; Scott et al., 2006). PerhapsFeldman et al., 2018; Kurc and Small, 2007; 

Scott et al., 2006). Beyond these direct effects, precipitation also indirectly modulates T and E by influencing their respon se 

to other environmental drivers (da Rocha et al., 2022). For example, rainfall promotes plant growth and increases leaf area 65 

index (LAI), which subsequently enhances T (Lowry et al., 2021; Wagle et al., 2020). Conversely, drought stress can cause 

quick increases in E (through elevated temperatures and vapor pressure deficits) but if prolonged, decreases in T (through LAI 

decline and reduced plant water uptake), creating opposing responses in the two fluxes (Nie et al., 2021; Restrepo-Coupe et 

al., 2023). The recovery from drought also illustrates their divergent timescales: E rebounds immediately upon rewetting, but 

T may remain suppressed for months or even a year as LAI recovers from stress, a response especially true in tall canopies 70 

with high correlations between T and LAI (Restrepo-Coupe et al., 2023; Sun et al., 2020). As such, perhaps the biggest 

difference in the drivers of T and E is that T is significantly affected by vegetation typecharacteristics and plant water dynamics, 

while E is only dependent on environmental conditions (Wang et al., 2014; Zhou et al., 2016). This makes T an active, biotic 

process regulated by stomatal conductance, while E remains a passive, abiotic process (Nelson et al., 2018) and the. The 

differentiation of the biotic and abiotic components of ET will allowallows for the study of how the water cycle is impacted 75 

by changes in vegetation (Cao et al., 2010; Scott &and Biederman, 2017; Wilcox et al., 2012). By quantifying the relative 

contributions of T and E, we can also study the influences of changing climatic and biological conditions on the spatial and 

temporal variability of ET (Gan &and Liu, 2020; Reich et al., 2024). 

DirectEddy covariance (EC) is a technique used to measure ecosystem gas and heat exchange within the atmospheric 

boundary layer, including ET (Baldocchi, 2020). EC systems take above-canopy, high frequency (usually 10 Hz) 80 

measurements of water vapor mixing ratio and three-dimensional wind velocity in order to continuously measure ET, which 

is then aggregated to half-hour fluxes to study how an ecosystem’s ET is continuously changing in response to environmental 

factors (Baldocchi, 2020; Kool et al., 2014; Stoy et al., 2019). Methods have been developed to then partition measured ET 

into its relative components rather than measuring each part individually. This allows for long-term studies of an ecosystem’s 

T and E dynamics from easily available data in global biomes (Cao et al., 2022; Maes et al., 2020; Nelson et al., 2020; Xue et 85 

al., 2023). On the other hand, direct measurements of T or E by means of isotopic, sap-flux, or soil evaporation methods are 

time, money, and labor intensive and are associated with significant uncertainties when upscaling to the ecosystem level 

(Cammalleri et al., 2013; Griffis, 2013; Kool et al., 2014; Li et al., 2019; Oishi et al., 2008; Poyatos et al., 2016; Stoy et al., 

2019; Wilson et al., 2001). Modeling methods often require complex parameterization and require validation data not easily 

accessible (Fatichi &and Pappas, 2017; Kool et al., 2014; Sun et al., 2018) On the other hand, eddy covariance (). As such, 90 

using EC) is a technique used-measured ET data with an appropriate partitioning method positions researchers to measure 

ecosystem gas and heat exchange within the atmospheric boundary layer, including ET (Baldocchi, 2020).  Rather than directly 

measuringstudy E and T or E, methods have been developed to partition eddy covariance ET measurements into its relative 

components. However, while previousdynamics even without extensive field campaigns. Previous reviews focused on deriving 

E and T through model-based approaches (i.e., Shuttleworth-Wallace, FAO-Dual KC, TSEB, and Priestley-Taylor) as well as 95 

non-EC data-based methods (i.e., solar induced fluorescence-based, carbonyl sulfide flux-based, and isotope-based) exist 
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(Kool et al., 2014; Stoy et al., 2019) are available), however, there is a need for an updated, comprehensive review of EC-

based partitioning methods. 

FLUXNET, a collaboration of EC networks, provides open-source, public micrometeorological data from hundreds 

of ecosystems under various climates which can be used to create spatial maps of global carbon and water fluxes (Baldocchi, 100 

2020; Pastorello et al., 2020; Williams et al., 2009). Because of this, FLUXNET data is often used as ground truth to validate 

and parameterize remote sensing data products and LSMs. Therefore, partitioned E and T data derived from EC ecosystem 

water data, would improve LSMs’ prediction capabilities (Bonan et al., 2011, 2012; Chaney et al., 2016; Friend et al., 2007; 

Kool et al., 2014; Nogueira et al., 2021; Reich et al., 2024; Stapleton et al., 2022; Stoy et al., 2019; Williams et al., 2009). 

Additionally, the continuous, high-frequency measurements allow for flux analyses ranging from 30 min intervals to 105 

interannual trends, giving researchers key insights into how ecosystem water pathways behave and evolve over time in 

response to a changing climate (Baldocchi, 2003, 2020; Eichelmann et al., 2022).  

Previous work in partitioning the terrestrial ecosystem carbon flux from EC-measured net ecosystem exchange (NEE) 

into gross primary production (GPP) and ecosystem respiration has led to significant improvements in understanding the 

interannual variability of NEE across ecosystems (Lasslop et al., 2010; Reichstein et al., 2005). This has furthered our 110 

understanding of global and regional carbon fluxes as well as aided in the study of the role of vegetation as a vital carbon sink 

(Chatterjee et al., 2020; Stoy et al., 2006). The ability to partition the terrestrial ecosystem water flux from FLUXNET data  

will have implications of a similar magnitude. Various methods exist to partition EC-measured ET and there is a need to create 

a comprehensive guide to the available approaches. 

 Here we reviewed EC-based ET partitioning methods using data routinely collected at flux towers to answer three 115 

questions: 

1. What EC-based ET partitioning methods exist and on which ecosystem assumptions are they based? 

2. Based on ecosystem assumptions and data availability, what are the main advantages and disadvantages of each 

method? 

3. What is the breadth (geographic location and ecosystem type) of testingapplication of each method? 120 

This review, in line with much of current work, presents the transpiration ratio (T/ET) to evaluate partitioning results and 

includes methods that could be applied on any FLUXNET dataset. Hereafter, a method application would be any instance of 

partitioning applied to a flux dataset while method testing would refer to instances where partitioning estimates are compared 

against ground truth data or an independent, non-EC-based partitioning method. 

2 Methods 125 

A systematic literature review was conducted of ET partitioning methods including studies that reported T and E with ET data 

or T/ET ratios calculated using data routinely collected from eddy covariance sites. EC-based ET partitioning methods were 

categorized by underlying principles. Several sub-methods were identified as slight adjustments to previously established 
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methods and are also discussed. The search was conducted using the Web of Science Core Collection (WoSCC), Scopus, and 

University College Dublin's OneSearch database, a public online database search tool that encompasses hundreds of journals 130 

across disciplines. The following key words were used: "evapotranspiration partitioning eddy covariance", "eddy covariance 

latent heat partitioning", "flux variance similarity evapotranspiration", "eddy covariance transpiration evaporation ratio", and 

"eddy covariance evapotranspiration components". Additionally, papers that had cited an established EC-based partitioning 

method were identified using WoSCC and screened for eligibility. Only peer reviewed studies published in English were 

included, excluding theses and conference papers. The databases were last searched on September 25th, 2025May 22nd, 2026. 135 

Partitioning methods that use EC data combined with data from other sources (often LAI, remote sensing products, 

isotopes, or LSMs) were excluded. Data reported in either numerical or graphical formats were included. If the values or trends 

of T/ET could not be determined from the reported data (often in the case where correlation coefficients or statistical results 

were reported in terms of how one partitioning method compared to another method), the study was excluded.  

 Above- and below-canopy concurrent EC measurements can be used to partition ET in forests and woody savannas 140 

by assuming the below-canopy system measures only soil E which is then subtracted from the above-canopy ET measurements 

to find overstory T (Ma et al., 2020; Paul-Limoges et al., 2020; Sulman et al., 2016; Wilson et al., 2001). However, this method 

requires dual EC systems across a vertical profile and therefore was excluded from the identified methods as below canopy 

measurements are not routinely collected. Additionally, some of the underlying assumptions of EC theory, such as low wind 

speeds, constant turbulence, and heterogeneity, are not met under the canopy of many ecosystem types, again limiting the 145 

applicability of this method (Misson et al., 2007). 

The resulting studies were then screened by one reviewer with no automation tools. If available, data pertaining to T 

or E with ET values and/or trends, T/ET values and/or trends, the temporal scale on which the partitioning method was applied, 

the flux site location (and site i.dI.D. when provided), and plant functional type (PFT) were extracted. If results were provided 

in both graphical and numerical contexts, the numerical data were included. Supplementary documents were searched in 150 

conjunction with the main text of the screened studies and eligible data were extracted in the same way. A total of 13391432 

papers were identified in the original search, however, only 123129 (=NS) papers were included in the final review (Fig. 1). 

The number of records (NR) or datasets reported within a study was also recorded. For instance, if a study conducted analyses 

in 3 different ecosystem types and reported separate T/ET values for each, NS would equal 1 while NR would equal 3. 
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Figure 1: PRISMA 2020 flow diagram for systematic reviews (Page et al., 2021) showing for the review: the databases 

searched, the number of studies found (NS), and the number of studies included in the final review. Reports excluded includes 

any papers that do not fit the required criteria of inclusion, while reports not retrieved would indicate any papers inaccessible 

online. 160 

3 Results 

3.1 ET partitioning methods, their assumptions, advantages, and disadvantages 

TenEleven independent partitioning methods were identified, each built from a range of ecosystem assumptions. Methods 

were deemed as independent if the theory on which they are based or process of T/ET calculation are substantially different to 

all other methods. Methods based on the concept of underlying water use efficiency (uWUE) were compared to ecosystem 165 

conductance-based methods, machine learning methods, methods requiring high frequency data, and linear regression-based 

methods (Table 1). 

 

Table 1: Summary table of EC-based ET partitioning methods, their data requirements, theory, and main 

advantages/disadvantages. Independent methods have their own abbreviation while sub-methods are denoted with a ‘b’ and 170 
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the abbreviation of the method on which they are based. GPP: gross primary production, VPD: vapor pressure deficit, RH: 

relative humidity, ET: evapotranspiration, uWUE: underlying water use efficiency, LE: latent heat flux, H: sensible heat flux, 

G: ground heat flux, TA: air temperature, TS: soil temperature, CA: ambient CO2 mixing ratio, PA: air pressure, Uu*: friction 

velocity, WS: wind speed, ↓K: incoming shortwave radiation, ↑K: outgoing shortwave radiation, ↓L: incoming longwave 

radiation, ↑L: outgoing longwave radiation, ↓KPOT: potential incoming shortwave radiation, Z: altitude, PAR: 175 

photosynthetically active radiation (from the PPFD_IN variable in FLUXNET datasets), P: precipitation, c: CO2 concentration, 

q: H2O concentration, u: wind speed from the predominate direction, v: cross-stream wind speed, w: vertical wind speed 

Method Type Method 
Data 

Required 
Basic Theory Advantages Disadvantages Source 

uWUE 

ZH16 GPP, VPD, ET 

An ecosystem has 

a potential uWUE 

(when ET=T) and 

an actual uWUE 

which when 

combined are 

proportional to 

T/ET 

T/ET estimates 

from daily to 

annual timescales, 

easy 

implementation 

Reliance on GPP 

estimates, 

methods 

assumptions do 

not hold in 

heterogenous 

ecosystems, 

wetlands, or under 

low VPD 

conditions 

(Zhou et al., 

2016) 

BH16 GPP, VPD, ET 

Similar to ZH16, 

except potential 

uWUE is 

determined using 

binned GPP 

values 

Does not exclude 

rainy periods, easy 

implementation 

Same as ZH16 
(Berkelhamme

r et al., 2016) 

Stomatal 

conductance 

LI19 

GPP, VPD, and 

ET, soil 

moisture 

Parameter 

optimization to 

separate surface 

conductance into 

its soil and 

canopy 

components, 

which are 

proportional to 

T/ET 

Takes into account 

vegetation type, 

does not assume 

periods where 

ET=T 

Reliance on GPP 

estimates, 

excludes rainy and 

wet periods, 

method 

assumptions do 

not hold in 

heterogenous 

ecosystems or 

drylands 

(Li et al., 

2019) 

PP18 

GPP, VPD, 

LE, H, TA, CA, 

PA, Uu*, WS, 

↓K, Z, PAR 

Big-leaf canopy 

model used to 

estimate canopy 

conductance 

responses to 

Does not assume 

periods where 

ET=T 

Same as LI19, 

often fails to 

produce 

reliablephysically-

(Perez-Priego 

et al., 2018) 
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changing 

environmental 

conditions 

realistic T 

estimates 

Machine 

learning 

TEA18 

GPP, VPD, ET, 

↓K, ↓KPOT TA, 

P, WS 

Uses a Random 

Forest regressor 

to estimate WUE 

when ET=T to be 

used with GPP to 

estimate half-hour 

T 

Captures half 

hourly patterns of 

T from minimal 

data requirements, 

low computational 

power 

requirements 

Excludes rainy 

and wet periods, 

method 

assumptions not 

held in ecosystems 

with significant E 

contributions 

(Nelson et al., 

2018) 

EE22 
VPD, H, TA, 

Uu* 

Uses a neural 

network to 

partition daytime 

ET fluxes 

assuming 

nighttime ET=E 

Does not rely on 

periods when 

T=ET, does not 

use GPP estimates 

Requires 

domainsite-

specific 

knowledge for 

feature selection*, 

method 

assumptions not 

held in ecosystems 

with nocturnal 

transpiration 

(Eichelmann et 

al., 2022) 

High frequency 

SK10 

High 

frequency c, q, 

u, v, w 

Stomatal (T) and 

non-stomatal (E) 

processes 

independently 

adhere to flux 

variance 

similarity 

Open source 

through Fluxpart, 

customization in 

WUE calculation 

Requires high 

frequency data, 

assumptions not 

met in 

heterogenous 

canopies, often 

fails to produce 

reliablephysically 

realistic T 

estimates 

(Scanlon & 

Kustas, 2010; 

Scanlon & 

Sahu, 2008) 

TH08 

High 

frequency c, q, 

u, v, w 

Similar to SK10 

but identifies 

updrafts where c 

and q are equal to 

E 

Created for 

ecosystems with 

tall, low-density 

canopies but has 

been shown to 

work well in dense 

canopies** 

Requires high 

frequency data, 

heavy 

computational 

power required 

(Thomas et al., 

2008) 

TH08b 

High 

frequency c, q, 

u, v, w 

Conditional eddy 

accumulation 

method, similar to 

TH08 but 

Does not require a 

priori knowledge 

of WUE 

Same as TH08 
(Zahn et al., 

2024) 
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includes 

downdrafts 

ZN22 

High 

frequency c, q, 

u, v, w 

Conditional eddy 

covariance 

method, defines 

conditional 

covariances 

where w and q are 

proportional to E 

and T 

Does not require a 

priori knowledge 

of WUE 

Requires high 

frequency data, 

heavy 

computational 

resources required 

(Zahn et al., 

2022) 

ZN22b 

High 

frequency c, q, 

u, v, w, WUE 

Same as ZN22 

but with the 

addition of WUE 

if known to better 

constrain the 

carbon flux 

Simpler than 

SK10, allowing 

for easier 

implementation 

Same as ZN22 
(Zahn et al., 

2024) 

RB26 

High 

frequency c, q, 

u, v, w, T 

estimates from 

TH08b, soil 

moisture, TA, 

TS, ↓K, ↑K, 

↓L, ↑L, PAR, 

RH, VPD, WS, 

u*, G, P 

Uses a 

knowledge-

guided neural 

network trained 

on physical 

parameters and 

transpiration 

estimates from 

TH08b to 

estimate T, direct 

E, and 

interception E 

Publicly available 

code, better 

constrains 

intercepted E 

compared to other 

high frequency 

methods 

Heavy data and 

computational 

requirements. The 

model trains on 

estimates from 

another method, 

potentially 

amplifying any 

uncertainties from 

TH08b 

(Ranjbar et al., 

2026) 

Linear 

regression 

SB17 GPP, ET 

T is related to 

GPP on an 

interannual basis 

and can be solved 

for by using a 

linear regression 

on monthly 

timescales 

No assumption 

that ET=T, easy 

implementation 

Ideal datasets of 5-

7 years of length 

(minimum 3 

years) limit site 

applicability, 

suppresses rainy 

periods 

(Scott & 

Biederman, 

2017) 

SB17b GPP, ET 

Built off of SB17 

to estimate 

weekly WUE and 

subsequent 

weekly T 

Daily to weekly T 

estimates 

improved from 

monthly estimates 

from SB17 

Not well suited for 

heterogenous 

ecosystems 

(Reich et al., 

2024) 

*This was adjusted for in Stapleton et al., 2022 
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**From Klosterhalfen et al. (2019a) 

3.1.1 Underlying water use efficiency 180 

Zhou et al. (2016) established a method (hereafter, ZH16) based on underlying water use efficiency (uWUE) to partition ET 

based on half-hourly flux data.  This method assumes that at sub-daily time scales, periods occur when soil and canopy 

interception evaporation are negligible and T/ET approaches 1, often periods experiencing limited water availability, 

maintained vegetation cover, and depleted subsurface soil moisture following dry-down periods. These conditions are then 

used to define the potential uWUE (uWUEp), a value assumed to be constant over long time periods and calculated using a 185 

95th percentile regression on the assumed linear relationship between ET and GPP x VPD0.5. This relationship relies on stomatal 

optimality assumptions based on earlier work (Cowan & Farquhar, 1977; Farquhar & Sharkey, 1982; Zhou et al., 2014) which 

is also used to calculate the actual uWUE (uWUEa) with a regular linear regression. uWUEp is then related to T while the 

uWUEa is related to ET. uWUEp is estimated just once using all data available for the site while uWUEa is estimated over the 

time period during which T/ET is being predicted. 190 

𝑢𝑊𝑈𝐸𝑎 =
𝐺𝑃𝑃∗𝑉𝑃𝐷0.5

𝐸𝑇
 ,           (1) 

𝑢𝑊𝑈𝐸𝑝 =
𝐺𝑃𝑃∗𝑉𝑃𝐷0.5

𝑇
 ,           (2) 

Subsequently, T/ET is estimated using the ratio of actual to potential to actual uWUE: 

𝑇

𝐸𝑇
=

𝑢𝑊𝑈𝐸𝑎

𝑢𝑊𝑈𝐸𝑝
 ,            (3) 

The uWUE assumptions make this method widely accessible to any flux site since only half-hourly flux data of GPP, VPD, 195 

and ET are needed in order to estimate T/ET from daily to annual timescales. However, the The heavy reliance on GPP 

estimates from EC measurements mean that any uncertainties in GPP are amplified when predicting T using this method and 

the assumption of a constant uWUEp is violated atin sites with a wide variety of vegetation types as spatial variations in plant 

heights and structures result in subsequent seasonal variations in CO2 concentrations (Hu & Lei, 2021; Nelson et al., 2020; 

Reich et al., 2024; Stoy et al., 2019; Zhou et al., 2016). Additionally, the assumption that T=ET does not hold true throughout 200 

the day in ecosystems with sparse vegetation or where evaporation is never negligible such as in wetland ecosystems 

(Eichelmann et al., 2022; Li et al., 2019; Reich et al., 2024; Zhou et al., 2016). Interception evaporation is also ignored in this 

method as days with and immediately following rainfall are filtered out before the partitioning begins.  

 Berkelhammer et al. (2016) follows a similar procedure with similar assumptions (BH16), however, after plotting ET 

against GPP x VPD0.5, the GPP values are binned, and the minimum ET value isvalues are found for each bin. These minimum 205 

ET values are then thought to represent times when T/ET = 1 and the rest of the ET values are used to estimate T:   
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𝑇

𝐸𝑇
=

𝑚𝑖𝑛𝐺𝑃𝑃 ‖𝐸𝑇‖

𝐸𝑇𝑓𝑙𝑢𝑥
 ,            (4) 

The threshold for which to define the minimum ET values varies by site but is dependent on LAI, known biases of instruments, 

and the sites specific biome. However, because this method keeps the assumption from the ZH16 method whereby T/ET 

approaches 1 at sub-daily timescales, the same limitations apply with regards to application to ecosystems where E consistently 210 

and significantly contributes to ET. Additionally, assuming there is a linear relationship between ET and GPP x VPD0.5 

assumes a constant direct response of stomatal conductance to VPD which is not met under low VPD conditions (Addington 

et al., 2004; Day, 2000; Ocheltree et al., 2014). However, rainy days are not filtered out from the dataset, so while interception 

evaporation is not directlyseparately estimated, it is included inwithin E estimates.  

3.1.2 Stomatal conductance 215 

Li et al. (2019) partitions ET using previously established assumptions of canopy and aerodynamic resistances (Monteith, 

1965; Penman, 1948; Shuttleworth and Wallace, 1985). This method (LI19) estimates ecosystem conductances to sidestep the 

assumption that T/ET approaches 1. Here, a parameter optimization is added to an ecosystem conductance (Gs) model (Lin et 

al., 2018)  to separate surface conductances. This method excludes rainy periods and times when canopy interception E 

contributes to ET so that Gs can be split into soil (Gsoil) and canopy (Gveg) conductances, or soil evaporation and canopy 220 

transpiration, respectively, and Gs is calculated using EC data in the inverted Penman-Monteith equation using: 

𝐺𝑠 = 𝐺𝑠𝑜𝑖𝑙 + 𝐺𝑣𝑒𝑔 = 𝐺0 + 𝐺1
𝐺𝑃𝑃

𝑉𝑃𝐷𝑙
𝑚 ,         (5) 

Gs and GPP values are binned according to soil moisture, and a non-linear regression is run on Equation 5 to fit the ecosystem-

level parameters: G0, G1, and m. Gsoil and Gveg can then be calculated in each soil moisture bin and ET is partitioned using 

assumptions similar to Shuttleworth & Wallace (1985): 225 

𝑇

𝐸𝑇
=

𝐺𝑣𝑒𝑔

𝐺𝑠
 ,            (6) 

𝐸

𝐸𝑇
=

𝐺𝑠𝑜𝑖𝑙

𝐺𝑠
 ,            (7) 

Parameterizing m allows VPD’s dependence on GPP to vary depending on vegetation type, a strength compared to methods 

using the assumption from Zhou et al. (2014) where a constant m of 0.5 assumes an optimal linear relationship between ET 

and GPP x VPD0.5 regardless of ecosystem type. However, LI19 was founded on the assumption that Gs is the sum of soil and 230 

canopy conductances, which is only true assuming there is a constant temperature throughout the canopy and soil surface, and 

not held in heterogeneous ecosystems (Li et al., 2019). Additionally, the exclusion of all rainy data has greater limitations in 

wet ecosystems where canopy interception E is rarely negligible, and the necessity of soil moisture data limits its applicability 

to all flux sites (Hu and Lei, 2021; Li et al., 2019).  
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 Perez-Priego et al. (2018) also partitions ET using model predicted ecosystem conductances (PP18). Starting with the 235 

assumption of optimality theory on a big-leaf canopy, (Cowan & Farquhar, 1977; Wang et al., 2017), the patterns of canopy-

scale internal leaf-to-ambient CO2 (χ) are modelled based on temperature, elevation, and VPD. Optimality theory ensures that 

the model parameters are estimated assuming the big-leaf canopy model minimizes T while maximizing photosynthesis. Then 

using GPP in conjunction with χ, as well as the ambient CO2 mixing ratio and molar air density, ecosystem stomatal 

conductance (gc) is modelled. T is then estimated by: 240 

T𝑇 =  1.6 · gc · VPD𝑔𝑐 · 𝑉𝑃𝐷,          

 (8) 

Where 1.6 is the diffusivity factor for CO2 and water vapor. PP18 avoids the assumption that ecosystem ET equals T however, 

upon application of PP18, Nelson et al. (2020) found that the model was not always able to converge to realistic T values, with 

30% of predictions being unusable. The method also relies on GPP estimates and therefore iswill be impacted by the 245 

uncertainties and biases of those values (Eichelmann et al., 2022; Nelson et al., 2020; Zhou et al., 2016). Additionally, to 

optimize the PP18 model, rainy periods and times with interception evaporation must be ignored which may lead to an 

overestimation of WUE and in turn underestimation of T (Perez-Priego et al., 2018). 

3.1.3 Machine learning methods 

More recentlyRecently, several approaches using machine learning have been established to partition ET. Nelson et al. (2018) 250 

introduced the Transpiration Estimation Algorithm (TEA18) which uses a Random Forest regressor (Breiman, 2001) and 

isolates periods when T/ET ≈ 1 to estimate ecosystem WUE. The model achieves this by calculating the conservative surface 

wetness index to determine periods likely to have wet surfaces and excluding them from the training dataset. In order to account 

for further instances of E in the training dataset, a 75th percentile of ecosystem WUE is then used as theto determine model 

output. This predicted WUE (WUEpred) can then be used to calculate T on half hourly intervals: 255 

𝑇 =
𝐺𝑃𝑃

𝑊𝑈𝐸𝑝𝑟𝑒𝑑
  ,            (9) 

TEA18 can be easily applied to EC sites as it only requires GPP, ET, and simple meteorological data as inputs. However, 

because the model trains on dry periods where it is assumed that T/ET approaches 1, the behavior of WUE on rainy days and 

periods with interception evaporation will not be well represented in the model output. This leads to an overestimation of E in 

the training dataset and subsequent underestimation of T for ecosystems with sparse vegetation and wetland sites (Hu and Lei, 260 

2021; Nelson et al., 2018; Reich et al., 2024). 

 Alternatively, Eichelmann et al. (2022) established a partitioning method (EE22) using an artificial neural network 

(Bishop, 1995) that assumes negligible nighttime transpiration values so therefore: 

ETnight  ≈ E ,            (10) 
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Daytime E is then predicted using measured nighttime ET values, similar to established methods of partitioning NEE into GPP 265 

and respiration based on nighttime NEE values (Reichstein et al., 2005). While daytime drivers of E may differ from nighttime 

E, neural networks have been shown to capture non-linear relationships of biological data, even when extrapolated beyond the 

subsets used for model training (Papale and Valentini, 2003). This was supported in the method establishment study when the 

model performed well when validated against daytime data collected after flooding periods (Eichelmann et al., 2022). Because 

there are no underlying assumptions that T/ET approaches 1, it is easier to apply this method to ecosystems with large 270 

contributions of E. By focusing on nighttime E, the model training process accounts for nocturnal interception evaporation but 

may fail to properly constrain daytime interception evaporation in E estimates. This is one of the few partitioning approaches 

that does not rely on any assumptions of the relationship between CO2 uptake and water loss through stomata, making it a 

stronger method for wetlands and other ecosystems where E is never negligible and circumventing the need for GPP values.   

However, while avoiding the assumption of zero E values, this method defaults to an assumption of zero T values, 275 

which is not met in every ecosystem and must be verified at sites before implementation (Dawson et al., 2007; Di et al., 2019; 

López et al., 2021a; Siddiq & Cao, 2018; Wang et al., 2021; Zeppel et al., 2010). EE22 also requires domainsite-specific 

knowledge of the site for model feature selection, although this has been adjusted by Stapleton et al. (2022) who introduced a 

machine learning framework consisting of 8 algorithms to identify the highest performing model for ET partitioning. The 

framework uses the assumptions from EE22 to estimate daytime E from nighttime ET measurements but conducts recursive 280 

feature elimination before training the model, a more objective approach as opposed to manual feature selection. 

3.1.4 High frequency data 

Using high-frequency data, Instead of using EC data processed at a half-hourly resolution, several methods exist to partition 

ET directly from the high frequency data. This data, commonly collected at 10 Hz (18,000 measurements per half hour), is not 

publicly available and must be requested from EC tower operators. The data size and storage requirements often introduce 285 

issues when analyzing multiple sites across multiple years, however, by keeping data representing individual air parcels, 

assumptions on their origin can be made as opposed to when using aggregated 30-min fluxes. 

Scanlon & Kustas, 2010 (SK10) established a method using the assumptions of flux variance similarity (FVS; Scanlon 

& Kustas, 2010; Scanlon & Sahu, 2008). This method is based on the Monin-Obukhov similarity theory assuming that both 

stomatal and non-stomatal components of carbon (c) and water (q) fluxes independently adhere to FVS. The stomatal 290 

processes, both photosynthesis and transpiration are thought to have a q-c correlation of −1, with the non-stomatal process of 

respiration and evaporation degrading this perfect correlation. Scanlon and Sahu (2008) introduced the idea that the degree of 

this degradation can be used to infer the magnitude of the non-stomatal processes. Leaf-level WUE is the only additional 

information needed to establish the relationship between the stomatal and non-stomatal processes in the carbon flux and 

estimate the components of both q and c. However, if leaf-level measurements are not available, WUE can be estimated from 295 

flux measurements and, the ratio of molecular diffusivities for carbon dioxide and water vapor. , and constants representing 

established leaf-level relationships of gas exchange. 
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 Because large-scale eddies can affect the assumptions on which the FVS theory is based, wavelet filtering is required 

to remove the low-frequency data from the time series. This introduces a complication in the application of the method as this 

filtering requires high-frequency data which is not often publicly available or easily accessible. Additionally, SK10 is 300 

computationally heavy as it uses optimization to solve the correlation between photosynthesis and respiration as well as the 

variance of photosynthesis. Fortunately, Skaggs et al. (2018) building on Palatella et al. (2014), solved these two parameters 

using algebra, significantly reducing computational time. Skaggs et al. (2018) also established Fluxpart, a free, open-source 

Python 3 module that runs the SK10 partitioning method on high frequency data. Fluxpart makes SK10 significantly more 

accessible to researchers and subsequently increased the use of this partitioning method. However, the need for high-frequency 305 

datasets remains the largest obstacle for widescale application of SK10. Additionally, the assumption that WUE remains 

constant over a given time interval is not representative of sites with significant heterogeneous vegetation or in ecosystems 

with a well-developed understory (Eichelmann et al., 2022; Scanlon & Kustas, 2010; Zhou et al., 2016). The default leaf-level 

WUE estimation used in Fluxpart is: 

𝑊𝑈𝐸 =
1

1.6
 ∗( 𝑐𝑎−𝑐𝑖)

𝑞𝑎−𝑞𝑖
  ,           (11) 310 

Where ca (qa) and ci (qi) are the ambient and intercellular concentrations of CO2 (H2O), respectively and 1.6 is the diffusivity 

factor for CO2 and water vapor. There are several parametrization schemes to estimate c i. Commonly, these assumptions are 

made: ci is a constant value, ci/ca is a constant ratio, or ci/ca has a linear or square root relationship with VPD (Campbell and 

Norman, 1998; Katul et al., 2009; Kim et al., 2006; Morison and Gifford, 1983; Sinclair et al., 1984). Alternatively, WUE can 

be optimized using assumptions of the relationship between c, q, and VPD (Scanlon et al., 2019). 315 

Like SK10, the Modified Relaxed Eddy Accumulation method (TH08) introduced by Thomas et al. (2008) built on 

earlier work by Businger & Oncley (1990) to assume that the turbulent transport of non-stomatal components of carbon and 

water fluxes are similar. This method uses multi-scalar octant analysis to identify conditions where the q and c fluxes are equal 

to the soil flux component, or evaporation. The first octant (O1) is defined when the vertical velocity (w’), c’, and q’ are all 

greater than 0 (where w’, c’, q’ are fluctuations from concurrent measurements), and using data that fits these criteria, 320 

evaporation is estimated as: 

𝐸𝑇𝐻08 = 𝛽𝜎𝑤
𝛴𝑖=1

𝑁 𝐼𝐻𝑞′

𝛴𝑖=1
𝑁 𝐼𝐻,𝑤+

 ,           (12) 

Where N is the number of samples in the time series, β is the ratio between the standard deviation of the vertical velocity (σw) 

and the mean vertical velocities in updrafts and downdrafts, and IH and 𝐼𝐻,𝑤+
 are hyperbolic thresholds. Because O1 is defined 

when w’ > 0, the TH08 method only accounts for updrafts, an approach later modified to include downdrafts in the Conditional 325 

Eddy Accumulation method (TH08b; Zahn et al., 2024). Another expansion of TH08 was introduced when Zahn et al. (2022) 

created the Conditional Eddy Covariance method (ZN22) by stating that conditions within O1 were not equal to soil 
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evaporation but were instead proportional. They then define a second octant (O2) for when w’ and q’ are greater than 0 and c’  

is less than 0 to represent transpiration conditions. Then conditional covariances can be computed for E and T: 

𝑓𝐸 =
1

𝑁
𝛴𝐼𝐸𝑤′𝑞′  ,            (13) 330 

𝑓𝑇 =
1

𝑁
𝛴𝐼𝑇𝑤′𝑞′ ,            (14) 

Where IE and IT are indicator functions equal to either 1 or 0 depending on if the data falls within O1 or O2. Because of the 

assumption that fE and fT are representative of the stomatal and non-stomatal fluxes, the ratio of fE to fT is then equal to the 

ratio of E to T. This approach was later modified to include WUE, if known, to help further constrain the carbon flux (ZN22b; 

Zahn et al., 2024). However, due to the need for high frequency datasets and the high computational time both TH08 and ZN22 335 

require, they arecan be difficult to apply to flux sites and thus have been infrequently chosen as the preferred ET partitioning 

method. Another limitation of all high frequency-based methods (SK10, TH08, and ZN22) is that because they distinguish 

stomatal and non-stomatal sources of water vapor based on the q-c correlation, interception evaporation from the canopy 

surface can be incorrectly represented in the transpiration estimates and therefore these methods should not be applied in 

ecosystems with consistent or frequent rainfall (Ranjbar et al., 2026; Shih et al., 2025; Zahn et al., 2022). 340 

 However, Ranjbar et al. (2026) introduced a machine learning method (RB26) that uses high frequency data to 

partition ET not just into T and E but also partitions E into direct evaporation and interception evaporation. This knowledge-

guided neural network trains against T estimates from TH08b and utilizes activation functions to constrain the estimates to 

realistic values. Uniquely, interception evaporation is only allowed to be estimated by the model within 24 hours of rainfall or 

when dew has recently formed and the model forces mass and energy conservation laws to be met in the estimates. In testing, 345 

it has been able to keep interception evaporation out of the transpiration estimates unlike the other high frequency methods, 

however it has been largely validated against other high frequency-based methods and showed high agreement with estimates 

from TH08b which would be expected as the model is trained on prior TH08b estimates. 

3.1.5 Linear regression 

The method introduced by Scott & Biederman (2017) (SB17) uses linear regression on multiyear datasets to derive a direct 350 

relationship between measured annual ET and gross ecosystem photosynthesis (GEP where GEP = −GPP) where the x-

intercept represents an average E estimate when GEP = 0. Then by inverting the regression whereby GEP serves as a predictor 

of ET, they define the slope of the regression as the marginal ecosystem WUE (WUEmar), which is then used to calculate T by: 

𝑇 = 𝑚𝑥𝐺𝐸𝑃,            (15) 

Where m is the inverse of WUEmar (𝑊𝑈𝐸𝑚𝑎𝑟
−1  = ΔET/ΔGEP) and x is the ratio between the inverse of transpirational WUE 355 

(T/GEP) and 𝑊𝑈𝐸𝑚𝑎𝑟
−1 . Because the regression is defined from periods without transpiration, interception evaporation is 

accounted for in E estimates. There is also no need for the assumption T/ET approaches 1 in SB17, unlike with the uWUE 
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methods, because potential WUE, or WUEmar, is calculated on an average monthly basis by comparing multiple years of data. 

This makes SB17 more applicable to water-limited and wetland sites, however, the site must display consistent ecological 

response progressions between years in order for the monthly estimate of WUEmar to accurately represent the ecosystem 360 

(Eichelmann et al., 2022; Hu and Lei, 2021; Reich et al., 2024; Scott and Biederman, 2017).  

 While this method is more accessible as it does not require high frequency data or a priori plant WUE information, it 

does require a minimum of 3 years of data, with ideal data sets of at least 5-7 years in length in order to produce 

significantreliable results (Eichelmann et al., 2022; Li et al., 2019; Scott and Biederman, 2017). This method also relies on the 

assumption of a strong relationship between yearly ET and GEP, which is not valid in ecosystems with high water availability 365 

(Hu and Lei, 2021; Scott and Biederman, 2017). 

 Because of the aggregation of data over years, SB17 inherently suppresses the influence of rainy periods, making it 

unsuitable for dryland ecosystems where an influx of precipitation causes substantial changes in ecosystem processes (Reich 

et al., 2024). A variation of SB17 was introduced by Reich et al. (2024)  who created a semi-mechanistic model in a Bayesian 

framework called the Dynamic Evapotranspiration Partitioning Approach for Rapid Timescales (SB17b). SB17b operates 370 

similarly to SB17 but at a finer temporal scale and estimates weekly WUE by constraining abiotic evaporation and calculating 

ET and T on daily timescales: 

𝐸𝑇𝑑𝑎𝑖𝑙𝑦 = 𝑚𝑤(𝑑)𝐺𝑃𝑃𝑑 + 𝐸𝑑
′  ,          (16) 

𝐸𝑇𝑑𝑎𝑖𝑙𝑦 = 𝑚𝑤(𝑑)𝐺𝑃𝑃𝑑 + 𝐸𝑑
′  , ,          

 (17) 375 

Where 𝐸𝑑
′  is the intercept of the regression (i.e. value of ET when GPP = 0), mw(d) is the inverse of weekly WUE, and GPPd is 

daily GPP. While SB17 assumed that E is invariant across years of data for an individual month, SB17b allows E to vary on 

daily timescales, introducing the influence of rainy periods on T, E, and WUE, and like SB17, interception evaporation is 

included in E estimates. However, the model uses process-based equations to parameterize abiotic evaporation where the 

equations do not account for vegetation cover and therefore are unable to represent the full heterogeneity of a tower’s footprint 380 

(Reich et al., 2024).   

3.2 Geographic and climatic distribution of studies applying reviewed ET partitioning methods 

Tables summarizing published studies (site location, biome, T/ET results, and comparisons to other methods) using six of the 

most widely testedapplied EC-based partitioning methods (ZH16, LI19, PP18, TEA18, SK10, SB17) are shown in the appendix 

(Tables A1-A6), including a table for methods with limited testingapplication (NS <=≤ 5) (Table A7). If a study used more 385 

than one partitioning method, it was repeated in each applicable table with a note as to how the results compared between the  

methods. In instances where studies applied a partitioning method but did not give results including T/ET, T, E, and/or ET 

quantities, a qualitative summary of important findings was included as well. As there were limited studies presenting paired 
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results from two or more partitioning methods on the same dataset, the following comparison refers to average ecosystem type 

results and is not representative of how method estimates compare directly unless otherwise stated. 390 

 

 

Figure 2: Geographical locations of data records found in literature search. Stars are opaquer in cases where multiple 

studies have been carried out on the same site while a site with a single study would have a slightly transparent star. Method 

types: underlying water use efficiency: ZH16, stomatal conductance: LI19, machine learning: TEA18, high frequency: SK10, 395 

TH08, ZN22. “Other” comprised the following method types: underlying water use efficiency: BH16, stomatal conductance: 

PP18, machine learning: EE22, linear regression: SB17 and SB17b. Global studies featuring more than 50 sites across 4 

continents are not featured on the map. CONUS: continental United States, EU: Europe, ZH16: Zhou et al. (2016), LI19: Li et 

al. (2019), PP18: Perez-Preigo et al. (2018), TEA18: Nelson et al. (2018), SK10: Scanlon & Kustas (2010), SB17: Scott & 

Biederman (2017), BH16: Berkelhammer et al. (2016), EE22: Eichelmann et al. (2022), TH08: Thomas et al. (2008), ZN22: 400 

Zahn et al. (2022), SB17b: Reich et al. (2024).  

 

Table 2: Mean and standard deviation of transpiration to evapotranspiration ratios (T/ET) calculated in published 

studies using EC-based ET partitioning methods (only methods with total NR>5 are shown). Quantitative results of annual 

and growing season means reported in Tables A1-A6 were used for calculating the average (Avg) and standard deviation 405 

(STD). For croplands (CRO), if two or more crops were reported on in the same study, they were each represented as an 

individual record. Studies reporting on several biomes without distinction were represented in Misc. Global studies featuring 

more than 50 sites across 4 continents were not included in the calculations as individual T/ET estimates were not reported for 
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each NR. The plant functional types (PFT) of the ecosystems were identified with GRA: grassland, DBF: deciduous broadleaf 

forest, ENF: evergreen needleleaf forest, EBF: evergreen broadleaf forest, MF: mixed forest, SAV: savanna, WSA: woody 410 

savanna, OSH: shrubland, BSV: bare sparse vegetation, WET: wetland. NR: number of records identified, uWUE: underlying 

water use efficiency. Method abbreviations: ZH16: Zhou et al. (2016), LI19: Li et al. (2019), PP18: Perez-Preigo et al. (2018), 

TEA18: Nelson et al. (2018), SK10: Scanlon & Kustas (2010), SB17: Scott & Biederman (2017).  

Method type Method T/ET GRA EBF CRO ENF MF WET DBF SAV OSH WSA BSV Misc. 

uWUE ZH16 

NR 1516 1 28 78 3 1 78 2 4 2 1 4 

Avg. 

(STD) 

0.5452 

(0.101

2) 

0.52 
0.51 

(0.11) 

0.4948 

(0.05) 

0.49 

(0.10) 
0.49 

0.49 

(0.050

4) 

0.48 

(0.13) 

0.42 

(0.16) 

0.42 

(0.04) 
0.37 

0.49 

(0.08) 

Stomatal 

conductance 

LI19 

NR 2 1 3 1 0 1 2 0 0 1 0 2 

Avg. 

(STD) 

0.67 

(0.16) 
0.54 

0.55 

(0.10) 
0.75 - 0.56 

0.58 

(0.31) 
- - 0.61 - 

0.70 

(0.05) 

PP18 

NR 0 0 2 1 0 2 0 0 0 1 0 1 

Avg. 

(STD) 
- - 

0.66 

(0.28) 
0.55 - 

0.29 

(0.08) 
- - - 0.60 - 0.45 

Machine 

learning 
TEA18 

NR 4 1 11 3 1 0 6 3 2 2 0 3 

Avg. 

(STD) 

0.64 

(0.12) 
0.78 

0.70 

(0.14) 

0.68 

(0.60) 
0.51 - 

0.71 

(0.06) 

0.69 

(0.08) 

0.47 

(0.18) 

0.69 

(0.03) 
- 

0.67 

(0.09) 

High 

frequency 
SK10 

NR 3 0 18 1 0 1 3 0 0 0 0 1 

Avg. 

(STD) 

0.56 

(0.20) 
- 

0.67 

(0.09) 
0.53 - 0.46 

0.73 

(0.17) 
- - - - 0.52 

Linear 

regression 
SB17 

NR 2 0 2 0 0 0 1 2 2 0 0 0 

Avg. 

(STD) 

0.59 

(0.11) 
- 

0.67 

(0.04) 
- - - 0.40 

0.68 

(0.09) 

0.47 

(0.04) 
- - - 
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Figure 2: Geographical locations of data records found in literature search. Method types: underlying water use 

efficiency: ZH16, stomatal conductance: LI19, machine learning: TEA18, high frequency: SK10, TH08, ZN22. “Other” 

comprised the following method types: underlying water use efficiency: BH16, stomatal conductance: PP18, machine learning: 

EE22, linear regression: SB17 and SB17b. Global studies featuring more than 50 sites across 4 continents are not featured on 420 

the map. CONUS: continental United States, EU: Europe, ZH16: Zhou et al. (2016), LI19: Li et al. (2019), PP18: Perez-Preigo 

et al. (2018), TEA18: Nelson et al. (2018), SK10: Scanlon & Kustas (2010), SB17: Scott & Biederman (2017), BH16: 

Berkelhammer et al. (2016), EE22: Eichelmann et al. (2022), TH08: Thomas et al. (2008), ZN22: Zahn et al. (2022), SB17b: 

Reich et al. (2024).  

 425 

 ZH16 has been studied in all major biome types across all continents (excluding Antarctica) across 5358 studies 

(Tables 2, A1; Fig. 2). The majority of reported results (NR) were in croplands (3032) representing a variety of annual and 

perennial crops (e.g. soybeans, rice, cotton, wheat, maize, etc.). Grasslands (2224) and forests (3234 across all forest types) 

were also frequently reported on. ZH16 was applied the most in Asian (3034) and North American (18) sites (Fig. 22) and was 

included in four global studies (Cao et al., 2022; Chang et al., 2025; Nelson et al., 2020; Xue et al., 2023). SK10 usage was 430 

reported in 40 studies, mostly in croplands (29) with an emphasis in wheat (8), maize (6), and various orchards (6). SK10 was 

also heavily testedapplied across different forest types (11) and was applied the most in North America (20) however several 

continents and biomes werehave not testedyet been included (Tables 2, A5; Fig. 2). TEA18 was the next most testedfrequently 

applied method, appearing in 2122 studies, including 3 global studies (Table A4).) (Chang et al., 2025; Nelson et al., 2020; 

Formatted: Font color: Auto

Formatted: Indent: First line:  0.5"

Formatted: Font color: Black

Formatted: Font color: Black

Formatted: Font color: Black

Formatted: Font color: Black

Formatted: Font color: Black

Formatted: Font color: Black

Formatted: Font color: Black

Formatted: Font color: Black

Formatted: Font color: Black

Formatted: Font color: Black

Formatted: Font color: Black

Formatted: Font color: Black

Formatted: Font color: Black



 

21 

 

Xue et al., 2023). Like SK10 and ZH16, TEA18 was testedapplied the most in forests (16) and croplands (12) and across Asia 435 

(8) and North America (7; Fig 2). 

The remaining methods had a considerable drop in number of studies with the next highest tested method being SB17 

featured in 7 papers where 6 were in North America (Table A6; Fig. 2). where PP18 and LI19 were each used in 6 and 78 

studies, respectively, however both methods were included in global studies (Tables A2, A3) (Chang et al., 2025; ; Maes et 

al., 2020; Nelson et al., 2020).). The next highest applied method being SB17 featured in 7 papers where 6 were in North 440 

America (Table A6; Fig. 2). The BH16 method was used in 5 studies, predominately in North America (3; Table A7, Fig. 2), 

3 of which were in evergreen forests (mean = 0.66). The high frequency methods from ZN22 and TH08 were used in 5 and 3 

identified studies, respectively (Table A7) and while they often agreed with each other, both tended to be higher than SK10 

estimates. EE22 has been applied in 3 studies, 2 in North America and 1once in Asia (Table A7, Fig. 2). SB17b wasand RB26 

were both only applied once in one North AmericaAmerican study, and a combined method of ZH16 and SB17 was used once 445 

in a GRA / WSA ecosystem in North America (Table A7; Yuan et al., 2021).). 

3.3 Comparison of ET partitioning method results from identified studies  

ZH16 and PP18 consistently produced the lowest T/ET values when compared to other EC-based partitioning methods (Figs. 

3, 4). In fact, PP18 was the only method to predict lower T values than ZH16, particularly in wetlands (Tables 2, A1, A3; Fig. 

3). However, PP18 was only used in 6 studies so it is yet undetermined whether the low estimations were a systemic issue with 450 

the method or only apparent in specific ecosystems (Table A3, Fig 3). 3, 4; Tables 2, A1, A3). While ZH16 was applied in 

significantly more studies, both were compared on a global scale (Nelson et al., 2020) so low estimates can be concluded to 

be produced on a systemic basis from both methods. In regionalized studies, ZH16 predicted lower estimates across croplands, 

evergreen needleleaf forests, and woody savannas than PP18 although this comparison is pulled from several studies across 

several sites as opposed to direct comparisons of methods on the same dataset (Fig. 3). 455 

 On the other hand, TEA18 estimates consistently had either the highest or comparable T/ET value estimates when 

directly compared to other EC-based methods in 14 of 14 studies (Table A4, Figs. 3, 4).18 of 18 studies (Table A4, Figs. 3, 4). 

Within this pool of studies were three global analyses where TEA18 was applied to EC sites across diverse ecosystems and 

produced higher T/ET estimates than ZH16, PP18, and LI19 in every biome with reported values across all studies (Chang et 

al., 2025; Nelson et al., 2020: Xue et al., 2023). These high estimates agreed well with many non-EC based partitioning 460 

methods (i.e., sap flow, two-stage theory of bare soil evaporation, TSEB-SM, and LSMs). TEA18 estimates, while slightly 

higher, were also similar in magnitude to SK10 estimates, although the high frequency-based method has overwhelmingly 

been tested in crop systems with limited testing in other ecosystems (Fig. 3; Table A5). The other high frequency-based 

methods (TH08 and ZN22) showed similar results to SK10 with TH08 typically producing higher T/ET estimates than SK10 

and ZN22, however, their full range of abilities cannot yet be quantified as they have only been tested in 5 studies collectively 465 

(Table A7). The linear regression-based methods also had limited testing, with SB17 being used in 6 studies and SB17b in 

only 1, however this may be due to the hefty requirement of ideal datasets having 5-7 years of data (Tables A6, A7). SB17 
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produced similar T/ET trends as other methods but with lower values when directly compared to TEA18, EE22 and SB17b, 

and higher values when directly compared to ZH16 and LI19 (Table A6). SB17b was only found to have been tested in one 

study where it estimated very high T/ET values across 5 ecosystem types (Reich et al., 2024). However, it is hard to determine 470 

if this method systematically produces high T estimates due to its assumption of homogenous vegetation, or if the high average 

T estimates are due to a small sample size (Table A7). LI19, a stomatal conductance-based method, estimated higher or similar 

values to ZH16, with lower values than SB17 and TEA18 (Table A2). The BH16 method was only used in 5 studies and did 

not show any consistency in the magnitude of its T/ET estimates compared to other methods. In fact, in one study it estimated 

lower values than ZH16 (Räsänen et al., 2022), but in other studies showed similar or higher estimates than sap flow-based 475 

and TSEB methods (Cammalleri et al., 2024; Dukat et al., 2023), two independent methods shown to previously agree well 

with high estimates from TEA18. High frequency methods estimated high T/ET values as well, although still lower than 

TEA18, with common summer trends showing ZN22 > TH08 > SK10 (Fig. 3; Table A5, A7). Linear regression-based methods 

(SB17 and SB17b) had limited testing, which is in part due to the hefty requirement of ideal datasets have 5-7 years of data.  

However, from the 7 studies they have been applied collectively, SB17 produced mid-range and SB17b produced high T/ET 480 

estimates when compared to other method types (Tables A6, A7). LI19, a stomatal conductance method, also produced mid-

range T/ET values compared to other methods (Table A2) while BH16, the other uWUE-based method, had no discernible 

trends regarding magnitudes of estimates across 5 studies. 

When summarizing focusing on global T/ET estimates on a global scale, four, five studies presented a mean annual 

T/ET estimate across at least four biomes using at least 50 sites. ZH16 presented an average global annual T/ET of 0.5250 ± 485 

0.06 (NS=4; 3; Cao et al., 2022; Chang et al., 2025; Nelson et al., 2020; Xue et al., 2023),), TEA18 with 0.6967 ± 0.07 (NS=3; 

Chang et al., 2025; 2; Nelson et al., 2020; Xue et al., 2023),), PP18 with 0.45 (NS=1; Nelson et al., 2020),), and LI19 with 

0.6664 ± 0.03 (NS=2; Chang et al., 2025; 1; Maes et al., 2020). Even). These global estimates agreed with this limited range 

of testing, the global averages still show trends of magnitudes produced from each method in regional studies with low 

estimates from ZH16 and PP18 with, moderate estimates from LI19, and the highest T/ET estimates from TEA18. The global, 490 

annual mean of T/ET across the 4 methods in 45 studies was 0.577573 ± 0.0410 (Fig. 3). This is comparable to the average 

T/ET value (0.584581 ± 0.0114) found from all records regardless of partitioning method or ecosystem (Fig. 3). 
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 495 

Figure 3: Box and whisker plots of ET partitioning methods estimates across plant functional types (PFT) from all 

quantitative data extracted from the literature search. Method and PFT combinations with only 1 record are shown as an 

X. Only methods with more than 5 records are included. PFTs are ordered by decreasing average T/ET estimates across records. 

The red dotted line is the global T/ET value estimated from studies that included multiple ecosystem types across more than 

50 sites. The average T/ET value represents all records from all studies and is shown in the blue dotted line. Methods: ZH16: 500 

Zhou et al. (2016), LI19: Li et al. (2019), PP18: Perez-Preigo et al. (2018), TEA18: Nelson et al. (2018), SK10: Scanlon & 

Kustas (2010), SB17: Scott & Biederman (2017). Method types: uWUE: underlying water use efficiency, SC: stomatal 

conductance, ML: machine learning, HF: high frequency, LR: linear regression. SAV: savanna, EBF: evergreen broadleaf 
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forest, WSA: woody savanna, CRO: cropland, DBF: deciduous broadleaf forest, ENF: evergreen needleleaf forest, GRA: 

grassland, MF: mixed forest, OSH: open shrubland, WET: wetland, BSV: bare sparse vegetation. 505 
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Figure 4: Summarized results of relative T/ET output from the 1011 independent methods identified in this review and 

the frequency of their level of application and testing against non-EC-based estimates. Methods were placed on the x-

axis according to number of studies with methods left of the origin appearing in less than 10 studies. and compared to 510 

independent measurements in 3 or less instances. Y-axis placement was determined by relative T/ET estimates compared 

across all studies featuring two or more identified methods. Methods: ZH16: Zhou et al. (2016), BH16: Berkelhammer et al. 

(2016), LI19: Li et al. (2019), PP18: Perez-Preigo et al. (2018), TEA18: Nelson et al. (2018), EE22: Eichelmann et al. (2022), 

SK10: Scanlon & Kustas (2010), TH08: Thomas et al. (2008), ZN22: Zahn et al. (2022), RB26: Ranjbar et al. (2026); SB17: 

Scott & Biederman (2017). uWUE: underlying water use efficiency. 515 

3.3.1 RegionalSpatial and temporal drivers of T/ET 

LAI and similar vegetation indices were found to be the most common identified driver of T/ET in the studies included in this 

review (Li et al., 2024d; Lowry et al., 2021; Restrepo-Coupe et al., 2023; Sun et al., 2020; Wagle et al., 2020; Wang et al., 

20162016a; Zahn et al., 2022; Zhou et al., 2016). While LAI influenced the temporal variability of T/ET dynamics within a 

site/ecosystem, the spatial variability of T/ET presented that a higher LAI did not always indicate higher transpiration rates 520 

across sites/ecosystems, as the highest T values were found in SAV ecosystems and relatively low T was estimated for MF 

(Fig. S1). SWC, especially during dry conditions, was also found to be one of the most important temporal drivers of T/ET in 

several studies across global biomes (da Rocha et al., 2022; Liu et al., 2022b; Nie et al., 2021). A tall grass prairie study found 
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that T/ET was strongly positively correlated with sub surface SWC, as roots were able to access underground water sources, 

and slightly negatively correlated with upper layer SWC as surface water tended to be dedicated to soil evaporation, agreeing 525 

with results from GRA and DBF studies (da Rocha et al., 2022; Deb Burman et al., 2022; Scott et al., 2021; Xu et al., 2021). 

Air temperature and VPD were also found to have significant impacts on the temporal variability of T/ET values and trends 

across studies (da Rocha et al., 2022; Eichelmann et al., 2022; Nie et al., 2021; Sun et al., 2020; Xu et al., 2021). Across 

biomes, transpiration ratios were found to be the highest in savannas and evergreen broadleaf forests while the lowest ratios 

occurred in wetlands and deserts (Fig. S1). 530 

4 Discussion 

4.1 Identified partitioning methods and common uncertainties 

TheOur systematic literature on EC-based methodsreview identified 1011 independent ET partitioning methods that have 

been applied across 123129 studies with testing spanning 11 plant functional types. TwoDespite their diversity, these methods 

converge on a small set of core mechanistic principles. The most prevalent approach leverages optimality theory and WUE 535 

assumptions to estimate T/ET. Several methods employ WUE-based frameworks: the uWUE methods (ZH16 and BH16) apply 

optimality assumptions directly, while PP18 (a stomatal conductance approach) embeds optimality into the broader model 

structure. Linear regression-based methods (SB17 and SB17b) and TEA18 also capitalize on the established ecosystem-scale 

relationship between GPP and ET to derive T estimates. As such, these approaches (ZH16, BH16, SB17, SB17b, TEA18) all 

isolate periods when GPP:ET relationships approximate GPP:T relationships (reflecting ecosystem WUE) by filtering data 540 

with percentile thresholds. SK10 and ZN22b also incorporate WUE, though high frequency data allows them to derive leaf -

level WUE directly from CO2 and H2O mixing ratios as opposed to ecosystem WUE like the half-hourly methods. These ties 

of functionality between different method types draw attention to the prevalence of using known characteristics of stomatal 

function when considering ecosystem T dynamics. Moreover, the methods' common shared reliance on percentile filtering and 

straightforward statistical relationships demonstrate efficient strategies for processing large, multi-site, multi-year datasets. 545 

The two methods based on the concept of uWUE (ZH16 and BH16) predicted low estimates of T/ET across all ecosystems 

while machine learning methods (both TEA18 and EE22) consistently estimated higher values when compared to other 

methods (Figs. 3, 4). The magnitude discrepancy between EC-based methods, particularly between ZH16 and TEA18, may be 

due to the assumption that WUE is optimized at the leaf-level, however, this assumption has a weak theoretical basis (Nelson 

et al., 2020). ZH16 estimated WUE using a 95th percentile threshold on the relationship between GPP x VPD0.5 and ET while 550 

TEA18 used the 75th percentile. The upper values in the 95th percentile may have led to an overestimation of WUE and 

subsequent underestimation of T, a systematic problem seen in the BH16 method as well (Ma et al., 2020; Nelson et al., 2020). 

One study tested ZH16 using an 80th percentile alongside the more common 95th percentile, and while T/ET estimates were 

higher with the 80th (0.65 vs 0.47 in a grassland), both regressions still produced estimates lower than SB17 (Ma et al., 2020). 

While the uWUE methods predicted the lowest T/ET estimates among EC-based methods, when compared to independent 555 
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methods, values were similar to many modelled values from LSMs, mechanistic, and hydrological models (Bai et al., 2019; 

Bu et al., 2024; Cao et al., 2022; Jin et al., 2022; MacBean et al., 2020; Song et al., 2021; Wu and Wang, 2025; Xu et al., 2024; 

Yu et al., 2022). Regardless of their general agreement with models built on similar underlying assumptions, predicted values 

from ZH16 were underestimated when compared to remote sensing-based products as well as when validated against the 

isotope method (Bai et al., 2019; Bu et al., 2021; Liu et al., 2022; Song et al., 2022, 2023; Tong et al., 2019; Xue et al., 2023). 560 

TEA18 estimates on the other hand agreed well with most ecosystem models, remote sensing-based models, and sap flow 

measurements though had higher values than an isotope study and an LAI-based model (Bastos Campos et al., 2025; Hu and 

Lei, 2021; Liu et al., 2022, 2025; Nelson et al., 2018; Xue et al., 2023; Yang et al., 2025). This variety of agreement against 

non-EC-based methods underscores the importance of comparing several partitioning methods on a dataset as well as collecting 

more robust ground truth validation to resolve T/ET and determine which ET partitioning methods, both EC-based and 565 

otherwise, are producing reliable T estimates. 

Comparing the limitations of the partitioning methods, perhaps the most prevalent is the use of GPP in T estimates. GPP 

is itself, a modelled value as EC cannot directly measure GPP just as it cannot directly measure T. So, NEE partitioning 

methods are used to estimate GPP (Lasslop et al., 2010; Reichstein et al., 2005). However, this means that any uncertainties 

and biases in the modelled GPP are inherently linked to the subsequent modelled T. The methods that use binned GPP or GPP 570 

percentiles (i.e., ZH16, TEA18, LI19, and BH16) will be greatly affected by short-term errors of GPP if they introduce enough 

outliers to skew the regression. However, they will not be impacted by consistent, systematic GPP alterations as shown by the 

fact that T estimates were not affected when the nighttime and daytime NEE partitioning methods were appliedtested (Nelson 

et al., 2020). PP18 on the other hand uses GPP to directly calculate ecosystem stomatal conductance which is then used to 

estimate T and therefore will be sensitive to both short-term and systematic GPP biases and errors. Additionally, the lack of 575 

agreement between GPP-based methods may indicate that the assumed optimal relationship between stomatal carbon gain and 

water loss is not maintained across diverse ecosystems and in fact, that the relationship varies by plant type and is changing 

with the warming climate (Hatfield and Dold, 2019; Medlyn et al., 2017; Nelson et al., 2020). 

 Many of the methods are not suited for heterogenous ecosystems. Any method that assumes an optimal relationship 

between carbon gain and water loss at the leaf level (ZH16, BH16, PP18) oversimplifies the dynamicity of WUE with seasonal 580 

variations in CO2, a property most apparent among varying vegetation types (Zhou et al., 2016). The high frequency methods 

assume all transpiration is coming exclusively from plant leaves, another assumption with the potential to be violated in 

heterogenous ecosystems (Reich et al., 2024; Scanlon and Kustas, 2010). In ecosystems with sparse vegetation, methods that 

assume ET approaches T (ZH16, BH16, TEA18) should only be applied after careful consideration as soil evaporation can 

generally not be ignored in ecosystems with low leaf area (Nelson et al., 2018; Zhou et al., 2016). Another source of large 585 

uncertainties is the handling of interception evaporation between the methods. The stomatal conductance-based methods ignore 

this process completely even with studies reporting that 8.5-10% of annual rainfall is intercepted by plant surfaces globally 

with some regional estimates reaching up to 50% depending on ecosystem type (Fischer et al., 2026; Lian et al., 2022; Zhong 

et al., 2022). EE22 does not remove wet periods from the training data like TEA18, however it still neglects to account for 
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daytime canopy interception rates that differ from their nocturnal counterparts (Czikowsky &and Fitzjarrald, 2009). In high 590 

frequency methods, the inattention to rainfall often results in interception evaporation being incorrectly partitioned into T 

which may be in part responsible for this method type’s high T/ET estimates (Fig. 4). The methods which do appropriately 

attribute interception to E, whether directly or by means of using GPP to estimate T, still face uncertainties as EC systems 

often underestimate the water flux of an ecosystem during precipitation (Van Dijk et al., 2015; Fischer et al., 2026). ET 

measurements from EC during rain are inherently biased adding additional uncertainties to ET partitioning estimates and 595 

correcting ET measurements to account for this leads to contradicting changes in T/ET depending on which method was 

applied (Zhang et al., 2023). This again emphasizes the importance of applying multiple partitioning methods for comparisons 

in studies to see where T/ET estimates are most uncertain. 

Even so, these method assumptions and limitations still lend themselves to more reliable applications in some ecosystems 

over others, even without rounds of robust ground truth validations. Many method types (uWUE, stomatal conductance, high 600 

frequency, and linear regression) favor homogenous ecosystems, making TEA18 a better option when partitioning in forest 

ecosystems. EE22, the other machine learning-based method, may also be able to partition ET in forest ecosystems, but only 

at sites that can verify negligible nocturnal transpiration. EE22 is, however, the best suited for wetland ecosystems as it 

estimates T independently of ecosystem carbon dynamics and WUE. The linear regression-based methods, SB17 and SB17b, 

have assumptions well suited to dryland ecosystems, but should not be used in rotational croplands where annual trends of 605 

GEP and ET vary by year and by crop type. The high frequency methods have, however, been applied heavily in croplands as 

they assume all T comes from plant leaves and function well in homogenous environments. If a researcher does not have access 

to high frequency data or lacks the computational resources to complete the partitioning, TEA18, the stomatal conductance 

methods (LI19 and PP18), and the uWUE methods (ZH16 and BH16) can all be applied and compared in croplands as well. 

Grasslands also lend themselves to the assumptions of the uWUE and stomatal conductance methods although neither group 610 

of method types can handle ecosystems with sparse vegetation or extensive heterogenous ecosystems like drylands or forests. 

However, to confidently determine which methods should be used in which biomes, more studies that test 2 or more 

partitioning methods on the same dataset, especially studies that can compare those results to ground truth data, are necessary. 

 

4.2 Global application of ET partitioning methods 615 

ZH16, SK10, and TEA18 have been utilized to partition ET in many studies (NS = 5458, 40, and 2122, respectively) across 

even more datasets (NR = 75, 57, and 36, respectively).. However, while 1315 LI19 T/ET estimates have been reported across 

68 studies, every other method has reported less than 10 studies. ThisEven though LI19 and PP18 were applied in global 

studies and therefore have been utilized in diverse biomes, this limited range of experiments, especially rare instances where 

several methods have been applied to the same data record for comparison or validated against independent observations, 620 

emphasizes the need for further testing of all methods across all PFTs in order to pair T/ET estimates, fully evaluate the 

performance of each method, and reliably track global T trends (Fig. S2). 
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However, while direct comparisons of method estimations at specific EC sites are limited, there were still 45 identified 

studies that presented global T/ET values (Cao et al., 2022; Chang et al., 2025; Maes et al., 2020; Nelson et al., 2020; Xue et 

al., 2023).  From these 45 studies presenting 710 estimates, an average annual T/ET value of 0.577573 ± 0.0410 was determined 625 

(Fig. 3). This value was comparable to the average T/ET value calculated from every identified record in the literature search 

(T/ET = 0.584581 ± 0.0114; Fig. 3). While these averages were calculated independently, their correlation suggests an even 

representation of PFTs in accordance with their abundance were identified in the search. 

The global values found in this study as well as the average T/ET value are consistent with a study using remote sensing 

data paired with an LSM and LAI measurements (0.57 ± 0.07; Wei et al., 2017), a satellite SIF based method (0.57 ± 0.14; Liu 630 

et al., 2022c), a hydrological LSM (0.59; Wang-Erlandsson et al., 2014), and similar to a lateral flow based model (0.62 ± 

0.12; Maxwell & Condon, 2016), the CMIP5 model (0.62 ± 0.06; Lian et al., 2018), and a previous synthesis study combining 

EC, sap-flow and isotopic partitioning methods (0.61 ± 0.15; Schlesinger & Jasechko, 2014). This study also falls within the 

bounds of an isotopic synthesis study (0.35-0.80; Coenders-Gerritis et al., 2014) which adjusted previous uncertainty 

assumptions regarding isotopes where they reported a global T/ET range of 0.80-0.90 (Jasechko et al., 2013), and another 635 

synthesis using T, E, ET, with LAI data (0.38-0.77; Wang et al., 2014). A mechanistic ecohydrological model, the remote 

sensing GLEAM model, the TSEB-SM, and satellite water vapor isotope measurements all found slightly higher global 

terrestrial T/ET values at 0.70 ± 0.09, 0.80, 0.73, and 0.64 ± 0.13, respectively (Fatichi and Pappas, 2017; Miralles et al., 2011; 

Paschalis et al., 2018; Xue et al., 2023).  

4.3 Transpiration trends and drivers 640 

The dynamics of T/ET differed on diurnal, seasonal, and interannual timescales due to varying leaf area index (LAI), plant 

cover, and environmental conditions (Scott & Biederman, 2017). In regard to evolving global T trends, Xue et al. (2020) used 

ZH16 and found 12 of 67 flux sites had significant changes in T/ET over the past two decades seeing 5 sites with decreased 

T/ET and 7 sites with increased T/ET. They also found no consistent trends across biomes concerning LAI’s influence on T/ET 

dynamics regardless of SWC. This juxtaposedcontradicted many regionalized studies that repeatedly found LAI to be one of 645 

the most important drivers for ecosystem T  (Li et al., 2024d; Lowry et al., 2021; Restrepo-Coupe et al., 2023; Sun et al., 2020; 

Wagle et al., 2020; Wang et al., 2016a; Zahn et al., 2022; Zhou et al., 2016). The reliance on LAI is not only present in EC-

based partitioning studies but also when using remote sensing based machine learning models, ecosystem resistance models, 

a method based on EC measurements with LSM data, and isotopic methods (Chen et al., 2024; Fatichi and Pappas, 2017; 

Gnanamoorthy et al., 2024; Good et al., 2014; Hu et al., 2026; Lu et al., 2023; Schlesinger and Jasechko, 2014; Wang et al., 650 

2014). In fact, LAI and other similar vegetation indices can explain around 40% of annual variability in global T/ET (Wang et 

al., 2014; Wei et al., 2015). Significant impacts were seen on seasonal timescales as well where increased plant cover led to 

increased T/ET (Li et al., 2019; Scott and Biederman, 2017; Wang et al., 2010; Wei et al., 2015). 

Another study found that the presence of drought increased global T/ET due to decreased soil evaporation from limited 

water availability (Yang et al., 2025b) which is supported by findings of the influence of SWC on T in regional studies (da 655 
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Rocha et al., 2022; Liu et al., 2022b; Nie et al., 2021; Wang et al., 2024a). Solar-induced chlorophyll fluorescence (SIF), VPD, 

and soil water content (SWC) have also been found to correlate with annual and seasonal T/ET dynamics on a global scale in 

various ecosystem models informed from remote sensing, sap flow, or LAI data  (Li et al., 2024a; Pagán et al., 2019; Song et 

al., 2023a; Wei et al., 2017). However, even with known T/ET drivers, global estimates of T/ET still suffer from large 

uncertainties varying anywhere from 24-90% depending on the partitioning method used (Wei et al., 2017). More studies 660 

directly comparing several partitioning approaches on the same datasets are required to fully compare the methods so that a 

systematic framework for selecting an appropriate partitioning method can be established for future studies. 

5 Conclusions and Recommended Future Directions 

By conducting a comprehensive literature search for eddy covariance-based evapotranspiration partitioning methods, 1011 

independent methods were found to be testedapplied across 123129 studies. Two methods partition ET by assuming there is 665 

an optimal, linear relationship between ET and GPP x VPD0.5. Methods built from ecosystem conductance models also use the 

relationship between ET, GPP, and VPD, but there are no linear assumptions allowing the relationship to vary with vegetation 

type. For other methods using half-hourly EC data, two use machine learning to make T estimates from flux and meteorological 

data while one assumes a linear relationship between ET and gross ecosystem production. There were also 34 methods 

requiring high frequency EC data that assumed similar transport of non-stomatal and stomatal turbulent fluxes. All of the 670 

assumptions on which the various methods are based are ecosystem-dependent and no single method seems to be able to 

produce reliable T/ET estimates across all biomes. As such, method selection still must be guided by a priori site knowledge 

of vegetation characteristics, environmental conditions, and data availability. 

Leaf area index was the most consistent driver of T/ET values and trends across studies with soil water content, VPD, 

and air temperature also playing significant roles depending on ecosystem type. From the identified studies, a global mean 675 

T/ET of 0.58 was calculated. This value is comparable to previous global studies using land surface models, remote sensing 

data, and isotopic partitioning approaches. This agreement lends confidence to the ability of eddy covariance-based methods 

to capture ecosystem-scale ET partitioning even with common disadvantages among the methods such as the reliance on GPP 

estimates and the neglect of interception evaporation. However, while global studies, both eddy covariance-based and other, 

are converging on an annual T/ET estimate from terrestrial ecosystems, most T/ET estimates, regardless of their method of 680 

origin, remain largely unvalidated against ground truth measurements. 

Currently, only 3 methods have been included in more than 10 studies and while North America, Europe, and Asia 

are well represented in the datasets, Africa and Oceania have been included in very few partitioning studies. Evergreen 

broadleaf forests and mixed forests also have limited testing; however, croplands and grasslands are well represented. To 

improve our understanding of ecosystem T dynamics and clearly define when and where each method should be applied, 685 

researchers would benefit from more publicly available validation datasets. Whether from lysimeters, sap flow measurements, 

or other ground truth data sources of E and/or T, all will help to constrain the magnitudes of T/ET estimates across methods 
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and increase confidence in ET partitioning. Additionally, more studies focused on the relationship between water loss and 

carbon uptake from the stomatal-to leaf-to ecosystem level are needed to verify or adapt our current understanding of when 

and where the optimal WUE assumption holds. More accessible, high frequency data and more open-source code will allow 690 

for easier applications of methods and more studies comparing several partitioning methods against the same datasets will also 

help to better define a protocol for choosing a method for future partitioning studies. Further testing of all methods, especially 

newly established methods and additional studies in underrepresented regions and ecosystem types will allow for better give 

improved insights into how the methods assumptions for each method hold in various ecosystems and will give more provide 

information into the changing trends and valueschanges of T and E under a warming climate.  695 

6 Appendix A 

6.1 ZH16 

Table A1: Studies that have used the underlying water use efficiency partitioning method by Zhou et al. (2016) to calculate 

the transpiration to evapotranspiration ratio (T/ET). The timescales used in the T/ET calculations are listed as well as any 

comparisons to other ET partitioning methods. Locations are listed by FLUXNET site IDs when applicable, for any non-700 

FLUXNET sites, the location is listed in accordance to how it was reported in the methods of each study. The plant functional 

types (PFT) of the ecosystems are identified with CRO: cropland, GRA: grassland, DBF: deciduous broadleaf forest, ENF: 

evergreen needleleaf forest, EBF: evergreen broadleaf forest, MF: mixed forest, SAV: savanna, WSA: woody savanna, OSH: 

shrubland, BSV: bare sparse vegetation, WET: wetland. GS: growing season, LAI: leaf area index, HRB: Heihe River Basin, 

TSEB: two source energy balance model, TSEB-SM: TSEB aided by soil moisture, LSM: land surface model. Methods: ZH16: 705 

Zhou et al. (2016), LI19: Li et al. (2019), PP18: Perez-Preigo et al. (2018), TEA18: Nelson et al. (2018), SK10: Scanlon & 

Kustas (2010), SB17: Scott & Biederman (2017). 

Reference PFT Location Calculation T/ET Notes 

(Zhou et al., 

2016) 

CRO (corn) 

 

CRO 

(soybean) 

GRA 

ENF 

DBF 

US-Bo1, IB1, Ne1, Ne2, 

Ne3 

US-Bo1, IB1, Ne2, Ne3 

 

US- Arb, Goo, Var, Wir 

CA-NS3, NS5, US-NC2 

US-Ha1, Moz, UMB, 

WCr 

Annual mean 0.69 

 

0.62 

 

0.6 

0.56 

0.52 

 

(D’Acunha et 

al., 2024) 

CRO 

(soybean) 

 

 

DBF 

 

 

GRA 

Amazon agriculture, 

Cerrado agriculture Lucas 

do Rio Verde, Cerrado 

agriculture Jaciara 

Amazon forest Tanguro, 

Amazon forest Sinop, 

Pantanal forest 

From annual 

T, ET totals 

 

 

 

Annual mean 

0.43 

 

 

 

0.44 

 

 

0.44 

Lower T/ET estimates than with TEA18 

method 
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WSA 

Misc. 

Amazon pasture, Pantanal 

pasture 

Cerrado Campo sujo 

All Mato Grosso, Brazil 

sites (from above) 

 

0.39 

0.42 

(Liu et al., 

2023) 

CRO (rice) Poyang Lake Basin, 

Jiangxi Province, China 

GS mean 0.47 Lower T/ET estimates with direct seeded 

early rice vs. transplanted early rice 

(Hu et al., 

2018) 

OSH 

DBF 

CRO (cotton) 

CRO 

(wheat/maize) 

GRA 

HRB, Sidaoqiao 

HRB, Xitaizi 

HRB, Xinier 

HRB, Daman 

 

HRB, Arou 

Weekly mean 0.59 

0.36 

0.63 

0.39 

 

~0.40 

 

(Nelson et al., 

2020) 

DBF 

GRA 

ENF 

Misc. 

 

 

 

251 FLUXNET sites 

Annual mean 

 

 

 

Peak seasonal 

0.45 

0.43 

0.40 

0.52 

0.58 

Lower T/ET estimates than with TEA18 

method, similar estimates to PP18 

(Wang et al., 

2020) 

CRO (maize) Yangling, Guanzhong 

Plain, China 

GS mean 0.52 

 

 

(Peng et al., 

2023) 

CRO (wheat) Yangling, Guanzhong 

Plain, China 

GS mean 0.56  

(Hu & Lei, 

2021) 

CRO (wheat) 

CRO (maize) 

Weishan, North China 

Plain 

GS mean 0.52 

0.46 

Lower T/ET estimates but similar trends 

to the two-stage theory of bare soil 

evaporation, lower estimates than SB17, 

SK10, and TEA18 

(Xu et al., 

2021) 

GRA 

ENF 

CRO (maize) 

BSV 

OSH 

MF 

HRB, Arou 

HRB, Guantan 

HRB, Daman 

HRB, Huazhaizi 

HRB, Sidaoqiao 

HRB, mixed forest 

Annual mean 0.53 

0.52 

0.59 

0.37 

0.56 

0.59 

 

(Li et al., 

2024d) 

ENF US-GLE Annual mean 0.45 Decreased T/ET during bark beetle 

infestation that decreased LAI 

(Han et al., 

2018) 

GRA CN-NMG GS mean 0.53 Decreased T/ET during prolonged 

drought period 

(Gan and Liu, 

2020) 

CRO (maize) 

ENF 

GRA 

CRO 

(maize/wheat) 

CRO (orchard) 

CN-YK, TYC 

CN-DYK, QYZ 

CN-TYG 

CN-DX 

 

CN-MY 

Annual mean 0.39 

0.46 

0.43 

0.45 

 

0.44 

 

(Paul-

Limoges et 

al., 2022) 

CRO (wheat) 

CRO (barley) 

CH-Oe2 

CH-Oe2 

GS mean 0.48 

0.37 

Decreased diurnal and seasonal T/ET 

trends than TEA18 method 

(Xu et al., 

2024) 

GRA HRB, Arou GS mean 0.54 T/ET values and trends follow SIB2 

model (an LSM) 

(Chen et al., 

2023) 

CRO 

(maize/soybea

n) 

US-Ne1, Ne2, Ne3 GS mean 0.49 T/ET under no-till (0.49) was larger than 

under plow till management (0.44). Peak 

T/ET occurred later for soybean vs. maize 
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(A et al., 

2022) 

DBF to GRA 

transition 

Hailaer River Basin Annual mean 0.58  

(da Rocha et 

al., 2023) 

GRA 

(ungrazed) 

GRA (grazed) 

Rannella Flint Hills Prairie 

Preserve, Kansas, USA 

GS mean 0.71 

 

0.64 

 

(Liu & Qiao, 

2023) 

CRO (cotton) Manas River Basin, 

Xinjiang, China 

Seedling 

stage 

Budding 

stage 

Blooming and 

boll stage 

Boll opening 

stage 

Whole stage 

0.34 

0.61 

0.81 

 

0.51 

 

0.61 

 

(da Rocha et 

al., 2022) 

GRA US-xKZ GS mean 0.59  

(Bai et al., 

2019) 

CRO (maize) HRB, Daman GS mean 

GS peak 

Irrigation 

periods 

0.74 

0.83 

0.63 

Lower T/ET values than isotope method, 

similar values to lysimeter method and 

Shuttleworth-Wallace method 

(Chen et al., 

2022) 

CRO 

(soybean) 

CRO (maize) 

CRO (wheat) 

US-Br3, Ne3, Bo1 

 

US-Ne1, CN-Yuc, Daman 

CN-Yuc, DE-SheSeh, US-

ARM 

Annual mean 0.43 

 

0.50 

0.38 

 

(Cao et al., 

2022) 

Misc. 86 FLUXNET sites Annual mean 0.59 Similar trends as with Shuttleworth-

Wallace and PT-JPL models but with 

lower inter-site variability 

(Reavis et al., 

2024) 

CRO (rice) US-HRC, HRA GS mean 0.47 Lower T/ET with alternate wetting and 

drying vs. delayed continuous flooding at 

US-HRC, but the opposite for US-HRA 

(Ma et al., 

2020) 

SAV 

 

GRA 

US-Ton 

 

US-Var 

GS mean with 

regular (95%) 

regression 

(with 80% 

quantile 

regression) 

0.39 

(0.61) 

0.47 

(0.65) 

Both regular and 80% quantile regression 

estimates lower than with the SB17 

method. Estimate magnitudes were 

regular < 80% quantile < SB17 

(Raghav et 

al., 2022) 

CRO (wheat) GRL-FLUXNET sites 1, 

2, and 3 

GS mean 0.54 Lower T/ET estimates than with SK10 or 

TEA18 methods 

(Scott et al., 

2021) 

DBF 

GRA 

US-CMW 

US-Wkg 

Annual mean 0.56 

0.35 

Lowest T/ET estimates in the summer 

compared to SB17, TEA18, and LI19 

methods 

(Zhou et al., 

2018) 

GRA 

CRO (maize) 

OSH 

HRB, Arou 

HRB, Daman 

HRB, Huyanglin 

GS mean 0.55 

0.63 

0.55 

 

(Jiang et al., 

2020) 

CRO (wheat) 

 

CRO (rice) 

CRO 

(soybean) 

CH-Oe2, US-ARM, FR-

Grl 

US-Twt, JAN-MSE 

US-Ne2, Ne3, CRT 

 

Annual mean 0.65 

 

0.57 

0.60 
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CRO (maize) FR-Grl, IT-Bci, US-Ne1 0.67 

(Xue et al., 

2023) 

CRO 

EBF 

ENF 

DBF 

GRA 

MF 

OSH 

SAV 

WSA 

Misc. 

10 sites 

6 sites 

13 sites 

9 sites 

11 sites 

1 site 

2 sites 

2 sites 

3 sites 

All (57 sites) 

Annual mean 0.21 

0.52 

0.52 

0.55 

0.56 

0.39 

0.23 

0.57 

0.45 

0.44 

Across all ecosystems, T/ET from ZH16 

and TSEB were lower than estimated 

from TSEB-SM and TEA18 methods 

(Perez-

Quezada et 

al., 2024) 

DBF 

WET 

CL-SDF 

CL-SDP 

Annual mean 0.46 

0.49 

 

(Sun et al., 

2020) 

DBF 

MF 

ENF 

OSH 

Mount Gongga, Qinghai-

Tibetan Plateau 

Annual mean 

(uWUE 

estimated 

with Rnet in 

place of VPD) 

0.47 

0.48 

0.50 

0.35 

 

(Wu & Wang, 

2025) 

GRA HRB, Arou GS mean 0.67 Results matched well with the Soil Plant 

Atmosphere Continuum model 

(Zhang et al., 

2025a) 

CRO (misc.) US-ARM, CRT, Twt, Tw2, 

Tw3 

IT-BCi, CA2 

DE-Seh, RuS, Kli, Geb 

FR-Gri, FI-Jok, DK-Fou, 

CH-Oe2, BE-Lon 

GS mean 0.48 Lower than TEA18 values (0.66). Both 

methods estimated the highest values 

from maize while ZH16 estimated the 

lowest values from rapeseed and TEA18 

from paddy rice 

(Chang et al., 

2025) 

CRO 

OSH 

GRA  

DBF 

HRB, Daman 

HRB-HZZ, HRB-HM 

HRB-Arou, HRB-DSL 

HRB-HHL, HRB-SDQ 

GS mean  

 

0.25 

0.49 

CRO has consistently low values, similar 

to GRA. OSH values were moderate 

while the values from the forest were the 

highest 

(Xu et al., 

2026) 

ENF Mohe Forest Ecosystem 

Research Station 

GS mean 0.44  

(Wang et al., 

2026) 

Misc. 368 flux sites Annual mean 0.45 Lowest global T/ET estimates compared 

to TEA18 and LI19 but agreed well with 

sap flow measurements 

(Zhang et al., 

2025b) 

OSH HRB, Sidaoqiao GS mean  ZH16 estimates agreed well with sap 

flow values and the two-source Penman-

Monteith model. ZH16 had higher 

estimates than the two-source 

Shuttleworth and Wallace (SW) and 

simplified SW models 

(Zheng et al., 

2025) 

Misc. 72 flux sites Annual mean  Similar but slightly lower values across 

ecosystems when compared to SIF-

driven semi-mechanistic and hybrid 

models 

(Song et al., 

2023b) 

CRO HRB, Daman GS trend  Estimates from one GS agreed well with 

the TSEB-SM informed by satellite soil 

moisture data 
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(Song et al., 

2022) 

GRA 

CRO 

HRB, Arou 

HRB, Daman 

GS trend  Estimates from four GS were consistently 

lower than when compared to the TSEB-

SM informed by surface soil moisture 

data 

(Song et al., 

2023a) 

CRO HRB, Daman GS trend  Estimates from two GS were consistently 

lower than when compared to the TSEB-

SIF. Trends followed canopy stomatal 

conductance 

(Song et al., 

2021) 

GRA 

CRO 

HRB, Arou 

HRB, Daman 

GS trend  Seasonal trends and values of T/ET 

agreed well with the LSTR model (a RS-

based method using land surface 

temperature reconstruction) 

(Liu et al., 

2022a) 

CRO (maize) HRB, Daman GS trend  Similar trends as a remote sensing 

trapezoid-based estimate informed by 

LAI and NDVI values. Lower values 

when compared to isotopes and TEA18 

(Bu et al., 

2021) 

CRO 

DBF 

EBF 

ENF 

WSA 

GRA 

US-Ne1, Ne2, Ne3, ARM 

US-Wcr, MMS, DE-Hai 

AU-Tum 

CA-Qfo, FI-Hyy 

US-Wkg 

US-Var, SRM, AT-Neu, 

IT-Mbo 

Annual trend  Consistently underestimated across 

CRO, DBF, EBF, ENF, WSA, and GRA 

sites when compared to TSEB model 

estimates 

(Bu et al., 

2024) 

GRA 

 

SAV 

ES-BB, CN-Du2, US-Var, 

Wkg 

ES-LM2, US-SRM 

Annual trend  Estimates compared well with the CSIF 

(two-source RS model) when it was 

modelled with GPP and soil water 

content data 

(Jin et al., 

2022) 

DBF 

 

ENF 

DE-Hai, DK-Sor, IT-Col, 

US-MMS, Wcr 

CA-Qfo, DE-Tha, IT-Lav, 

Ren, RU-Fyo, US-GLE, 

NR1 

Annual trend  Similar trends and values when compared 

to an ecosystem level conductance 

photosynthesis model using LAI and 

SWC across all sites 

(MacBean et 

al., 2020) 

ENF 

GRA 

OSH 

US-Fuf, Vcp 

US-SRM ,SRG, Wkg 

US-Whs 

Annual trend  Similar trends and values for the ENF 

sites when compared to a soil hydrology-

based model. The GRA and OSH sites 

showed similar trends but lower values 

compared to SB17 estimates 

(Cui et al., 

2024) 

CRO (kiwi) Pujiang County, Chengdu 

Plain, China 

Annual trend  Generally lower values than those 

estimated from an LAI informed 

conductance model however mid-GS 

values were similar 

(Yu et al., 

2022) 

CRO 

 

DBF 

 

EBF 

ENF 

 

GRA 

 

DE-RuS, Seh, US-CRT, 

Ne1, Ne2, Ne3 

CA-Oas, DE-Hai, FR-

Fon, US-Ha1, UMB 

FR-Pue, IT-Cpz 

CA-NS3, DE-Obe, NL-

Loo, US-NR1 

DE-Gri, US-Arb, Arc, 

Goo, SRG 

Annual trend  Similar trends when compared to an 

EC/LSM-based method across global 

PFTs and TEA18 



 

36 

 

WSA US-SRM, Ton 

(Gnanamoort

hy et al., 

2024) 

EBF Yunnan Province, China Annual trend  Similar values and trends to an EC/LSM-

based method 

(Hao et al., 

2024) 

ENF CA-LP1 Annual trend  Lower estimates than from TEA18 but 

both showed similar trends 

(Li et al., 

2024e) 

ENF CA-Ca3 Annual trend  Lowest T/ET values when compared to 

TEA18 and EE22 estimates 

(Zheng et al., 

2024) 

CRO (wheat) Zhao Xian, Shijiazhuang 

City, Hebei Province, 

China 

Annual trend  Similar estimates to TEA18 

(Räsänen et 

al., 2022) 

SAV Welgegund, South Africa Annual trend  Lower values than TEA18, similar values 

to BH16 

(Tong et al., 

2019) 

CRO (maize) HRB, Daman Annual trend  Lower than values from the isotope 

method 

(Li et al., 

2024c) 

WET Qixing River National 

Nature Reserve, 

Heilongjiang Province, 

China 

Annual trend  E dominated ET, T peaked midday in 

accordance with GPP 

(Guo et al., 

2026) 

CRO (maize) Jinzhou Agricultural 

Ecosystem Field 

Experiment Site 

VPD/SWC 

trend 

 T/ET initially decreased then increased 

with increased SWC. T/ET decreased 

under high VPD 

(Ma et al., 

2026) 

GRA 26 sites from the China 

Grassland Transect 

VPD trend  T/ET increased as VPD decreased  

6.2 LI19 

Table A2: Studies that have used the ecosystem conductance partitioning method by Li et al. (2019) to calculate the 

transpiration to evapotranspiration ratio (T/ET). The timescales used in the T/ET calculations are listed as well as any 710 

comparisons to other ET partitioning methods. Locations are listed by FLUXNET site IDs when applicable, for any non-

FLUXNET sites, the location is listed in accordance to how it was reported in the methods of each study. The plant functional 

types (PFT) of the ecosystems are identified with CRO: cropland, GRA: grassland, DBF: deciduous broadleaf forest, ENF: 

evergreen needleleaf forest, EBF: evergreen broadleaf forest, MF: mixed forest, SAV: savanna, WSA: woody savanna, OSH: 

shrubland, BSV: bare sparse vegetation, WET: wetland. GS: growing season, LAI: leaf area index. Methods: ZH16: Zhou et 715 

al. (2016), LI19: Li et al. (2019), PP18: Perez-Preigo et al. (2018), TEA18: Nelson et al. (2018), SK10: Scanlon & Kustas 

(2010), SB17: Scott & Biederman (2017). 

Reference PFT Location Calculation T/ET Notes 

(Li et al., 

2019) 

ENF 

 

 

 

CRO 

 

GRA 

 

CA-Qfo, SF1, SF2, DE-

Obe, FI-Hyy, FR-LBr, IT-

Ren, Sro, NL-Loo, US-

NR1 

DE-Geb, Kli, FR-Gri, US-

ARM, Ne1, Ne2, Ne3 

Annual mean 0.75 

 

 

 

0.62 

 

0.56 
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DBF 

EBF 

WSA 

AT-Neu, DE-Gri, US-

AR1, AR2, SRG, Var, 

Wkg 

IT-Col, DE-Hai, ZM-Mon 

BR-Sa3 

US-SRM, Ton 

 

0.80 

0.54 

0.61 

(Hu & Lei, 

2021) 

CRO (wheat) 

CRO (maize) 

Weishan, North China 

Plain 

GS mean 0.59 

0.44 

Values and dynamics of T/ET compared 

poorly to the two-stage theory of bare soil 

E. For maize, similar values as ZH16 and 

smaller values compared to SB17, SK10, 

and TEA18. Wheat LI19 estimates were 

greater than PP18, ZH16, and SK10 and 

smaller than SB17 and TEA18 

(Ohkubo et 

al., 2023) 

WET Kalimantan, Indonesia Annual mean 0.56 Drained and slightly drained swamps had 

higher T/ET than the burned degraded 

swamp (0.21) 

(Scott et al., 

2021) 

DBF 

GRA 

US-CMW 

US-Wkg 

Annual mean 0.36 

0.78 

Lowest DBF values in the spring/fall 

compared to ZH16, TEA18, and SB17 

(Nie et al., 

2021) 

DBF 

EBF 

ENF 

MF 

Misc. 

11 sites 

3 sites 

19 sites 

3 sites 

All (36) forest sites 

Annual mean  

 

 

 

0.73 

 

(Wang et al., 

2026) 

Misc. 368 global EC sites Annual mean 0.61 Greater values than ZH16, lower values 

than TEA18 

(Maes et al., 

2020) 

Misc. 86 global FLUXNET sites Annual mean 0.66 Lower than an LAI-based method (Wei et 

al., 2017) which showed an inter-site 

mean of 0.69 

(Restrepo-

Coupe et al., 

2023) 

DBF Tapajos national forest, 

Brazil 

From daily T 

and E totals 

0.86 Seasonal trends correlated with incoming 

shortwave radiation and LAI. Drought 

decreased T/ET while a wet La Niña 

period increased estimates 

 

6.3 PP18 

Table A3: Studies that have used the conductance partitioning model by Perez-Preigo et al. (2018) to calculate the transpiration 720 

to evapotranspiration ratio (T/ET). The timescales used in the T/ET calculations are listed as well as any comparisons to other 

ET partitioning methods. Locations are listed by FLUXNET site IDs when applicable, for any non-FLUXNET sites, the 

location is listed in accordance to how it was reported in the methods of each study. The plant functional types (PFT) of the 

ecosystems are identified with CRO: cropland, GRA: grassland, DBF: deciduous broadleaf forest, ENF: evergreen needleleaf 

forest, EBF: evergreen broadleaf forest, MF: mixed forest, SAV: savanna, WSA: woody savanna, OSH: shrubland, BSV: bare 725 

sparse vegetation, WET: wetland. GS: growing season, LAI: leaf area index, HRB: Heihe River Basin. Methods: ZH16: Zhou 

et al. (2016), LI19: Li et al. (2019), PP18: Perez-Preigo et al. (2018), TEA18: Nelson et al. (2018), SK10: Scanlon & Kustas 

(2010), SB17: Scott & Biederman (2017). 
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Reference PFT Location Calculation T/ET Notes 

(Perez-Priego 

et al., 2018) 

SAV ES-LMa GS range 0.20-

0.40 

Diurnal trends are consistently lower than 

those from SK10 

(Nelson et al., 

2020) 

Misc. 251 FLUXNET sites Annual mean 0.45 Similar, slightly lower than T/ET 

estimates from ZH16 method, lower than 

TEA18 estimates 

(Hu & Lei, 

2021) 

CRO (wheat) Weishan, North China 

Plain 

GS mean 0.46 Lower T/ET values and different 14-day 

trends than the two-stage theory of bare 

soil evaporation, lower estimates than 

SB17, SK10, LI19, ZH16, and TEA18 

(Liu et al., 

2022a) 

CRO (maize) HRB, Daman GS mean  Lowest T/ET values compared to  

estimates made with ZH16, TEA18, 

isotope-based, LAI-based, and remote 

sensing trapezoid based methods 

(Lowry et al., 

2021) 

WET (native) 

WET (swamp) 

ENF 

Bribie Island, Queensland, 

Australia 

Annual mean 0.34 

0.23 

0.55 

 

(Reich et al., 

2024) 

WSA US-Mpj GS mean 0.60 Higher T/ET estimate than sap-flow but 

lower than SB17b 

6.4 TEA18 

Table A4: Studies that have used the Transpiration Estimation Algorithm by Nelson et al. (2018) to calculate the transpiration 730 

to evapotranspiration ratio (T/ET). The timescales used in the T/ET calculations are listed as well as any comparisons to other 

ET partitioning methods. Locations are listed by FLUXNET site IDs when applicable, for any non-FLUXNET sites, the 

location is listed in accordance to how it was reported in the methods of each study. The plant functional types (PFT) of the 

ecosystems are identified with CRO: cropland, GRA: grassland, DBF: deciduous broadleaf forest, ENF: evergreen needleleaf 

forest, EBF: evergreen broadleaf forest, MF: mixed forest, SAV: savanna, WSA: woody savanna, OSH: shrubland, BSV: bare 735 

sparse vegetation, WET: wetland. GS: growing season, LAI: leaf area index, HRB: Heihe River Basin, TSEB: two source 

energy balance model, TSEB-SM: TSEB aided by soil moisture. Methods: ZH16: Zhou et al. (2016), LI19: Li et al. (2019), 

PP18: Perez-Preigo et al. (2018), TEA18: Nelson et al. (2018), SK10: Scanlon & Kustas (2010), SB17: Scott & Biederman 

(2017). 

Reference PFT Location Calculation T/ET Notes 

(Nelson et al., 

2018) 

DBF FR-Hes GS mean 0.77 T/ET estimates agree well with values 

from the sap flow method. When applied 

in 2 ENF sites (DE-Tha and FI-Hyy), 

TEA18 estimates fall within the range of 

T values predicted from 3 ecosystem 

models 

(D’Acunha et 

al., 2024) 

CRO 

(soybean) 

 

 

DBF 

Amazon agriculture, 

Cerrado agriculture Lucas 

do Rio Verde, Cerrado 

agriculture Jaciara 

From annual 

T, ET totals 

 

 

 

0.61 

 

 

 

0.60 

Higher T/ET estimates than with ZH16 
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GRA 

 

WSA 

Misc. 

Amazon forest Tanguro, 

Amazon forest Sinop, 

Pantanal forest 

Amazon pasture, Pantanal 

pasture 

Cerrado Campo sujo 

All Mato Grosso, Brazil 

sites (from above) 

 

 

 

 

 

Annual mean 

 

 

0.67 

 

0.71 

0.63 

(Nelson et al., 

2020) 

DBF 

GRA 

ENF 

Misc. 

 

 

 

251 FLUXNET sites 

Annual mean 

 

 

 

Peak seasonal 

0.70 

0.67 

0.62 

0.77 

0.83 

Higher T/ET estimates than with ZH16 

and PP18 

(Hu & Lei, 

2021) 

CRO (wheat) 

CRO (maize) 

Weishan, North China 

Plain 

GS mean 0.77 

0.71 

T/ET values and trends agreed well with 

the two-stage theory of bare soil 

evaporation, higher estimates than SB17, 

SK10, LI19, ZH16, and PP18 (for wheat) 

(Paul-

Limoges et 

al., 2022) 

CRO (wheat) 

CRO (barley) 

CH-Oe2 

CH-Oe2 

GS mean 0.73 

0.75 

Increased diurnal and seasonal T/ET 

trends and values than ZH16 method 

(Li et al., 

2024e) 

ENF CA-Ca3 Annual mean 0.69 Similar T/ET trends and values to EE22 

method, consistently higher than ZH16 

estimates 

(Liu et al., 

2022a) 

CRO (maize) HRB, Daman GS mean >0.85 Higher T/ET values than estimates made 

with ZH16, PP18, isotope-based, LAI-

based, and remote sensing trapezoid 

based methods 

(Räsänen et 

al., 2022) 

SAV Welgegund Research 

Station, South Africa 

GS mean 0.61 Daily T/ET values and seasonal trends 

consistently higher than with ZH16 and 

BH16 

(Raghav et 

al., 2022) 

CRO (wheat) GRL-FLUXNET sites 1, 

2, and 3 

GS mean 0.76 Similar, slightly higher T/ET estimates 

than with SK10, higher estimates than 

ZH16 method 

(Scott et al., 

2021) 

DBF 

GRA 

US-CMW 

US-Wkg 

Annual mean 0.74 

0.46 

Similar T/ET values to SB17 with higher 

estimates than ZH16 and LI19 methods 

(Wang et al., 

2022) 

CRO (rubber) 

 

 

 

 

 

DBF 

Northern rubber: 

Chachoengsao Province, 

TH 

Southern rubber: Nakhon 

Si Thammarat Province, 

TH 

Ratchaburi Province, TH 

Annual mean 0.78 

 

 

 

 

 

0.72 

 

(Xue et al., 

2023) 

CRO 

EBF 

ENF 

DBF 

GRA 

MF 

OSH 

SAV 

10 sites 

6 sites 

13 sites 

9 sites 

11 sites 

1 site 

2 sites 

2 sites 

Annual mean 0.33 

0.78 

0.74 

0.70 

0.75 

0.51 

0.34 

0.76 

Across all ecosystems, T/ET from 

TEA18 and TSEB-SM were higher than 

when estimated from ZH16 and TSEB 
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WSA 

Misc. 

3 sites 

All (57 sites) 

0.67 

0.61 

(Kibler et al., 

2023) 

DBF 

 

WSA 

US-CMW 

 

US-SRM 

GS median 0.87 - 

0.92 

0.72 - 

0.80 

 

(El-Madany 

et al., 2021) 

 

SAV ES-LMa, LM1, LM2 From annual 

T, ET totals 

0.69 Higher T/ET in SAV fertilized with 

nitrogen (0.70) and SAV fertilized with 

nitrogen and phosphorus (0.71) than 

control SAV (0.65) 

(Zhang et al., 

2025a) 

CRO (misc.) US-ARM, CRT, Twt, Tw2, 

Tw3 

IT-BCi, CA2 

DE-Seh, RuS, Kli, Geb 

FR-Gri, FI-Jok, DK-Fou, 

CH-Oe2, BE-Lon 

GS mean 0.66 Higher than ZH16 values (0.48). Both 

methods estimated the highest values 

from maize while ZH16 estimated the 

lowest values from rapeseed and TEA18 

from paddy rice 

(Bastos 

Campos et al., 

2025) 

CRO 

(vineyard) 

Kaltern-Caldaro, South 

Tyrol, Northern Italy 

GS mean 0.78 Similar but slightly higher estimates than 

with sap flow measurements 

(Liu et al., 

2025) 

OSH Yanchi Research Station, 

Beijing, China 

Annual mean 0.59 TEA18 estimates compared well with sap 

flow measurements. EE22 estimates were 

~20% lower than TEA18 

(Wang et al., 

2026) 

Misc. 368 global EC sites Annual mean 0.63 Higher estimates than compared to ZH16, 

LI19, and sap flow measurements  

(Yang et al., 

2025a) 

CRO (maize, 

wheat) 

Weishan, North China 

Plain 

GS trend  T dominated ET during the GS. TEA18 

estimates agreed well with an 

ecohydrological model (Weishan model) 

(Hao et al., 

2024) 

ENF CA-LP1 Annual trend  Consistently higher than ZH16 estimates 

although both methods had similar trends 

(Zheng et al., 

2024) 

CRO (wheat) Zhao Xian, Shijiazhuang 

City, Hebei Province, 

China 

Annual trend  Similar estimates to ZH16 

(Yu et al., 

2022) 

CRO 

 

DBF 

 

EBF 

ENF 

 

GRA 

 

WSA 

DE-RuS, Seh, US-CRT, 

Ne1, Ne2, Ne3 

CA-Oas, DE-Hai, FR-

Fon, US-Ha1, UMB 

FR-Pue, IT-Cpz 

CA-NS3, DE-Obe, NL-

Loo, US-NR1 

DE-Gri, US-Arb, Arc, 

Goo, SRG 

US-SRM, Ton 

Annual trend  Similar trends when compared to an 

EC/LSM-based method across global 

PFTs and ZH16 

6.5 SK10 740 

Table A5: Studies that have used the Flux Variance Similarity partitioning method by Scanlon & Kustas (2010) to calculate 

the transpiration to evapotranspiration ratio (T/ET). The timescales used in the T/ET calculations are listed as well as any 

comparisons to other ET partitioning methods. Locations are listed by FLUXNET site IDs when applicable, for any non-
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FLUXNET sites, the location is listed in accordance to how it was reported in the methods of each study. The plant functional 

types (PFT) of the ecosystems are identified with CRO: cropland, GRA: grassland, DBF: deciduous broadleaf forest, ENF: 745 

evergreen needleleaf forest, EBF: evergreen broadleaf forest, MF: mixed forest, SAV: savanna, WSA: woody savanna, OSH: 

shrubland, BSV: bare sparse vegetation, WET: wetland. GS: growing season, LAI: leaf area index, HRB: Heihe River Basin, 

TSEB: two source energy balance model, LSM: land surface model. Methods: ZH16: Zhou et al. (2016), LI19: Li et al. (2019), 

PP18: Perez-Preigo et al. (2018), TEA18: Nelson et al. (2018), SK10: Scanlon & Kustas (2010), SB17: Scott & Biederman 

(2017). 750 

Reference PFT Location Calculation T/ET Notes 

(Hu & Lei, 

2021) 

CRO (wheat) 

CRO (maize) 

Weishan, North China 

Plain 

GS mean / 

const ppm 

0.55 

0.70 

T/ET values agreed with values from the 

two-stage theory of bare soil E and 

TEA18 for maize, but underestimated 

wheat comparatively. Values for maize 

estimations were greater than ZH16, 

LI19, and SB17 methods and greater than 

PP18 and ZH16 for wheat. 

(Raghav et 

al., 2022) 

CRO (wheat) GRL-FLUXNET sites 1, 

2, and 3 

GS mean / 

const ratio 

0.75 Similar T/ET estimates with TEA18 

method, higher estimates than ZH16 

method 

(Wang et al., 

2016a) 

GRA Xilin River watershed, 

Inner Mongolia, China 

GS mean / 

const ppm 

0.65 Winter grazing and heavy grazing saw 

lower T/ET than ungrazed treatments 

(Schreiner-

McGraw et 

al., 2022) 

CRO 

(pistachio) 

CRO (almond) 

US-PSL, PSH 

 

US-ASL, ASM, ASH 

Annual mean 

/ const ppm 

0.79 

 

0.65 

 

(De Haan et 

al., 2021) 

CRO (alfalfa) 

CRO (maize) 

Hopewell Creek 

Watershed, Ontario, 

Canada 

GS mean / 

const ppm 

0.58 

0.71 

Alfalfa T/ET showed less seasonality 

than the maize 

(Gao et al., 

2024) 

CRO (wheat) Zhangye Oasis, Gansu 

Province, China 

GS mean / 

const ratio 

0.55  

(Ferrara et al., 

2024) 

CRO 

(watermelon) 

CREA-AA Research Unit, 

Italy 

From GS T, E 

totals / const 

ppm 

0.51  

(Rana et al., 

2018) 

CRO (fava 

bean) 

CRO (wheat) 

CREA-AA Research Unit, 

Italy 

Emergence 

stage 

(flowering 

stage) / const 

ppm 

0.25 

(0.43) 

0.30 

(0.37) 

 

(Anupoju et 

al., 2024) 

CRO (rice) Vizianagaram, Andhra 

Pradesh, India 

GS mean / 

const ppm 

0.70 Similar T/ET values as FAO Dual Kc-

ETo and Priestley-Taylor methods 

(Scanlon et 

al., 2019; 

Sulman et al., 

2016)* 

DBF US-MMS GS mean / 

optimum 

0.82 Compared to 0.84 during a severe 

drought year. Similar T trends with 

slightly lower values as a sub-canopy 

based method 

*Sulman et al. (2016) removed low-

frequency data using wavelet analysis 

while Scanlon et al. (2019) used a moving 

mean window. Both studies used the 
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same data and came to a similar 

conclusion regarding T/ET estimates 

(Peddinti & 

Kambhamme

ttu, 2019) 

CRO (citrus 

orchard) 

Goregone village, 

Vidarbha, India 

Annual mean 

/ const ppm 

0.66 Similar T/ET from SIMDualKc model 

(Wagle et al., 

2021a) 

CRO (canola) Grazinglands Research 

Laboratory, USDA-ARS 

GS mean / 

const ratio 

~0.70 No significant difference in T/ET 

between till and no-till fields 

(Wagle et al., 

2021b) 

CRO (canola) 

 

CRO (wheat) 

 

CRO 

(soybean) 

CRO (maize) 

 

CRO 

(sorghum) 

Grazinglands Research 

Laboratory, USDA-ARS 

Peak growth 

mean / const 

ppm, const 

ratio, 

optimum, 

linear, sqrt 

0.76-

0.88 

0.75-

0.88 

0.80-

0.86 

0.78-

0.90 

0.66-

0.88 

Range dependent on which WUE 

algorithm was used. Const_ppm, 

const_ratio, and optimum models were 

consistent with each other and there was 

a higher T/ET for linear and sqrt models 

in wheat and canola 

(Shveytser et 

al., 2022) 

DBF 

 

 

ENF 

WET 

Misc. 

US-PFk, PFL, PFm, PFn, 

PFc, PFp, PFq, PFs, PFi, 

PFj 

US-PFb, PFg, PFh, PFt 

US-PFd, PFe, PFr 

All sites 

GS mean / 

const ratio 

0.54 

 

 

0.53 

0.46 

0.52 

 

(Wagle et al., 

2020) 

CRO (alfalfa) Grazinglands Research 

Laboratory, USDA-ARS 

GS mean / 

const ratio 

~0.80  

(Wagle et al., 

2023) 

CRO (wheat) 

 

CRO (canola) 

Grazinglands Research 

Laboratory, USDA-ARS 

GS mean / 

const ppm, 

const ratio, 

linear, sqrt, 

optimum 

0.64-

0.89 

0.59-

0.85 

Range dependent on WUE algorithm 

used 

(Liu et al., 

2022b) 

GRA Bange, Tibetan Plateau Annual mean 

/ const ratio 

0.34  

(Anderson et 

al., 2018) 

CRO (peach 

orchard) 

San Joaquin Valley, 

California, USA 

GS mean / 

const ppm, 

const ratio, 

linear, sqrt 

0.48-

0.84 

Range dependent on WUE algorithm 

used 

(Wang et al., 

2016b) 

GRA/URB Broadmead site, New 

Jersey, USA 

Annual mean 

/ const ratio 

>0.70 Similar seasonal and diurnal patterns as 

NOAH LSM but decreased summer T/ET 

from SK10 

(Scanlon & 

Kustas, 2012) 

CRO (corn) OPE3, USDA-ARS Crop maturity 

/ const ratio 

0.70-

0.80 

 

(Borges et al., 

2024) 

DBF 

 

Campina Grande, State of 

Paraíba, Brazil 

Serra Negra, State of Rio 

Grande do Norte, Brazil 

Rainy season 

/ const ratio 

0.65 Slightly higher T/ET for sparse 

vegetation cover (0.67) vs. dense 

vegetation cover (0.64) 

(Li et al., 

2024b) 

DBF/URB Nankai University, 

Tianjin, China 

GS mean / 

const ppm, 

const ratio, 

sqrt, 

0.80-

0.88 

Range dependent on WUE algorithm 

used, similar seasonal trends for const 

ppm, const ratio, sqrt, and optimum. 

Linear algorithm had higher T/ET values 
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optimum, 

linear 

(Klosterhalfe

n et al., 

2019b) 

CRO (wheat) 

 

ENF 

DE-Rus 

 

DE-RuW 

Annual 

median / 

const ppm 

0.77-

0.91 

0.84 

 

(Kustas et al., 

2018) 

CRO 

(vineyard) 

Borden Ranch, California, 

USA 

June mean 0.83 Compared to sap-flow measurements of 

0.80 

(Wang et al., 

2024b) 

CRO (poplar 

plantation) 

MinQuan site, Henan 

Province, China 

July, Aug, Sep 

mean / 

optimum 

0.67 Lower T/ET estimates than TH08 (0.78) 

method, and higher than the ZN22 (0.63) 

method 

(Gao et al., 

2025) 

CRO (wheat) HRB, Zhangye GS mean / 

const ratio 

0.55 E dominated when looking at annual 

means 

(Wang et al., 

2025) 

CRO 

(evergreen 

plantation) 

CRO 

(deciduous 

plantation) 

Jiyuan (JY2) 

Jinzhai 

Jianping (JP1, JP2) 

MinQuan 

Jiyuan (JY1) 

Henan Province, China 

GS mean, all 

sites: 

Const ppm 

Const ratio 

Linear 

Sqrt 

Optimum 

 

 

0.63 

0.64 

0.78 

0.70 

0.65 

Deciduous plantations had more 

consistent T/ET values across model runs 

compared to the evergreen plantation 

(Paciolla et 

al., 2025) 

CRO 

(vineyard) 

California, USA Mean midday 

peaks, const 

ratio 

~0.60 Much lower than estimates from ZN22, 

TH08 (midday peaks ~100%). FEST-2-

EWB (a two-source LSM) agreed well 

with ZN22 and TH08 while TSEB 

produced the highest estimates from all 

methods 

(Scanlon & 

Kustas, 2010) 

CRO (maize) Maryland, USA Annual trend  SK10 was able to identify changes in 

T/ET after precipitation and T estimates 

followed LAI trends 

(Skaggs et al., 

2018) 

CRO (peach) San Joaquin Valley, 

California, USA 

GS trend  T/ET decreased under well-watered 

conditions 

(Deb Burman 

et al., 2022) 

WET 

DBF 

Tamil Nadu, India 

Assam, northeast India 

Annual trend  WET had higher T/ET during the GS but 

did not show seasonal dynamics. The 

DBF had higher T/ET from September to 

December and showed seasonal 

variability 

(Shih et al., 

2025) 

EBF 

ENF 

Lien-Hua-Chih, Taiwan 

Chi-Lan, Taiwan 

Daily trend  Higher midday peak T/ET in the EBF 

with peak values occurring between 12-

2pm (local time) while the ENF peaked 

early and values decreased from 6am-

3pm 

(Carneiro et 

al., 2025) 

OSH Dense caatinga 

Sparse caatinga 

Northeastern Brazil 

Annual mean  Sparse caatinga with more exposed rocky 

outcrops and bare soil had lower T/ET 

than the dense caatinga 

(Klosterhalfe

n et al., 

2019a) 

ENF 

 

DBF 

CRO 

GRA 

4 sites across Europe, 1 

site in Oregon, USA 

2 sites in Europe 

2 sites in Europe 

3 sites in Europe 

Annual trend  Consistently lower T estimates than 

TH08 across all ecosystems. SK10 

showed no clear difference in T/ET 

across biomes 
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(Good et al., 

2014) 

CRO 

(pistachio and 

almond) 

Mpala Research Center, 

Kenya 

GS trend  Similar to the isotope method during peak 

GS, but showed T before any green leaves 

had sprouted and continued after 

senescence 

(Kustas et al., 

2019a) 

CRO 

(vineyard) 

California, USA GS trend  T estimates agreed well with results from 

the micro-Bowen ratio method 

(Rana et al., 

2019) 

CRO 

(vineyard) 

Mazaro River Basin, 

Sicily 

Annual trend  T estimates were higher than results from 

sap flow method 

(Song et al., 

2018) 

CRO (maize) HRB, Daman GS trend  T/ET values were 10% lower than results 

from a MODIS-based dual temperature 

difference model 

(Kustas et al., 

2019b) 

CRO 

(vineyard) 

California, USA GS trend  Higher peak seasonal values than the 

TSEB and TSEB-LAI 

 

6.6 SB17 

Table A6: Studies that have used the linear regression-based partitioning method by Scott & Biederman (2017) to calculate 

the transpiration to evapotranspiration ratio (T/ET). The timescales used in the T/ET calculations are listed as well as any 

comparisons to other ET partitioning methods. Locations are listed by FLUXNET site IDs when applicable, for any non-755 

FLUXNET sites, the location is listed in accordance to how it was reported in the methods of each study. The plant functional 

types (PFT) of the ecosystems are identified with CRO: cropland, GRA: grassland, DBF: deciduous broadleaf forest, ENF: 

evergreen needleleaf forest, EBF: evergreen broadleaf forest, MF: mixed forest, SAV: savanna, WSA: woody savanna, OSH: 

shrubland, BSV: bare sparse vegetation, WET: wetland. GS: growing season, LSM: land surface model. Methods: ZH16: Zhou 

et al. (2016), LI19: Li et al. (2019), PP18: Perez-Preigo et al. (2018), TEA18: Nelson et al. (2018), SK10: Scanlon & Kustas 760 

(2010), SB17: Scott & Biederman (2017). 

Reference PFT Location Calculation T/ET Notes 

(MacBean et 

al., 2020; 

Scott and& 

Biederman, 

2017)* 

OSH 

SAV 

GRA 

US-Whs 

US-SRM 

US-SRG, Wkg 

GS mean 0.44 

0.62 

0.51 

Similar annual T/ET trends with higher 

values than estimates made with the 

ZH16 method 

*Scott and Biederman (2017) was the 

method establishment while MacBean et 

al. (2020) compared outputs to an LSM, 

which showed lower values and different 

trends to SB17 

(Hu & Lei, 

2021) 

CRO (wheat) 

CRO (maize) 

Weishan, North China 

Plain 

GS mean 0.70 

0.64 

Greater maize T/ET values than ZH16 

and LI19, smaller values than SK10, 

TEA18, and the two-stage theory of bare 

soil evaporation. For wheat, greater 

values than PP18, ZH16, SK10, and LI19 

and smaller values than TEA18 

(Ma et al., 

2020) 

SAV 

GRA 

US-Ton 

US-Var 

GS mean 0.74 

0.66 

Higher T/ET values than ZH16 with 

regular (95%) and 80% quantile 

regression 
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(Scott et al., 

2021) 

DBF US-CMW Annual mean 0.40 Similar values to TEA18 but higher 

monthly values than ZH16 and LI19 

(Sun & 

Verseghy, 

2019) 

OSH US-Whs Summer 

mean 

0.49  

(Eichelmann 

et al., 2022) 

WET US-TW1, TW4, MYB, 

Sne 

Annual trend  Lower values than EE22 for wetland sites 

with increased standing water. EE22 

results compared better with leaf-level T 

measurements 

6.7 Methods with limited testing 

Table A7: Studies that have used various partitioning methods found from the literature review to calculate the transpiration  

to evapotranspiration ratio (T/ET). The timescales used in the T/ET calculations are listed as well as any comparisons to other 

ET partitioning methods. Locations are listed by FLUXNET site IDs when applicable, for any non-FLUXNET sites, the 765 

location is listed in accordance to how it was reported in the methods of each study. The plant functional types (PFT) of the  

ecosystems are identified with CRO: cropland, GRA: grassland, DBF: deciduous broadleaf forest, ENF: evergreen needleleaf 

forest, EBF: evergreen broadleaf forest, MF: mixed forest, SAV: savanna, WSA: woody savanna, OSH: shrubland, BSV: bare 

sparse vegetation, WET: wetland. GS: growing season, TSEB: two source energy balance model, LSM: land surface model. 

Methods: ZH16: Zhou et al. (2016), LI19: Li et al. (2019), PP18: Perez-Preigo et al. (2018), TEA18: Nelson et al. (2018), 770 

SK10: Scanlon & Kustas (2010), SB17: Scott & Biederman (2017), BH16: Berkelhammer et al. (2016), TH08: Thomas et al. 

(2008), ZN22: Zahn et al. (2022), SB17b: Reich et al. (2024), EE22: Eichelmann et al. (2022). Method types: uWUE: 

underlying water use efficiency, HF: high frequency, LR: linear regression, ML: machine learning. 

Method Method 

type 

Reference PFT Location Calculation T/ET Notes 

BH16  uWUE (Berkelhammer 

et al., 2016) 

ENF US-NR1, 

MEF 

Annual 

mean 

0.56 Trends agree with isotopic 

approach on the synoptic 

scale 

BH16  uWUE (Räsänen et al., 

2022) 

SAV Welgegund 

Research 

Station, 

South Africa 

GS mean 0.46 Daily T/ET values lower than 

with TEA18 and ZH16 

methods 

BH16  uWUE (Dukat et al., 

2023) 

ENF Mezyk and 

Tuczno, 

Poland 

GS mean 0.75 Much higher T/ET estimate 

than with sap flow method 

(0.48) 

BH16  uWUE (Knowles et al., 

2023) 

ENF US-NR1, 

GLEES 

  31% decrease in T relative to 

ET after a bark beetle 

pathogen outbreak while T 

recovered quicker than ET 

post outbreak 

BH16  uWUE (Cammalleri et 

al., 2024) 

CRO 

(almond, 

olive, 

vineyard) 

California, 

USA 

  Similar T/ET estimates to 

various TSEB models (PT, 

PM, 2T) 



 

46 

 

TH08 

 

ZN22 

 

HF 

 

HF 

(Wang et al., 

2024b) 

CRO 

(poplar 

plantation) 

MinQuan 

site, Henan 

Province, 

China 

July, Aug, 

Sep mean 

0.78 

 

0.63 

TH08 estimated value was 

higher than SK10 (0.67), 

while ZN22 estimated value 

was the lowest of the three 

methods 

ZN22 

 

HF (Zahn et al., 

2022) 

GRA 

 

 

 

ENF 

Mpala 

Research 

Center, 

Kenya 

Wind River 

Experimental 

forest, USA 

Dry period 

mean 

 

 

Summer 

mean 

0.51 

 

 

 

0.62 

Similar seasonal trends as 

TH08, SK10, and the 

isotopic method 

ZN22 

 

HF (Amaro Medina 

et al., 2025) 

WET Sandhill Fen, 

Alberta, 

Canada 

GS mean ~0.70  

SK10/ 

ZN22/ 

TH08 

 

HF (all) (Zahn & Bou-

Zeid, 2024) 

Misc. 47 NEON 

sites 

Winter mean 

Summer 

mean 

0.5 

0.7 

TH08 and ZN22 estimated 

higher values in the summer 

when compared to SK10, 

ZN22b and TH08b 

TH08/ 

ZN22/ 

SK10 

 

HF (all) (Paciolla et al., 

2025) 

CRO 

(vineyard) 

California, 

USA 

Mean 

midday 

peaks 

~1.0 ZN22 and TH08 had higher 

estimates than SK10 (midday 

peaks ~60%). FEST-2-EWB 

(a two-source LSM) agreed 

well with ZN22 and TH08 

while TSEB produced the 

highest estimates from all 

methods 

ZH16 & 

SB17* 

 

uWUE/  

LR 

(Yuan et al., 

2021) 

GRA/ 

WSA 

US-SRG /  

US-SRM 

GS mean / 

uWUE and 

SB17 

methods 

averaged 

0.68 *ZH16 was corrected based 

on SB17 estimates and 

results are a combination of 

methods 

Maximum T/ET occurred in 

October (0.84) and minimum 

occurred in December (0.14). 

Individual monthly estimates 

were lower with SB17 than 

with ZH16. 

RB26 HF/ML (Ranjbar et al., 

2026) 

CRO 

 

DBF 

 

GRA 

 

MF 

ENF 

 

SAV 

OSH 

35 NEON 

sites 

Annual 

trends 

 Peak T/ET in GS, reaching 

0.6 

Peak in summer with values 

>0.6 

Similar trends to DBF but 

with lower daily maximums 

Highest values in summer 

Stable values throughout the 

year 

Highest values in winter 

Highest values in summer 

but low values overall  
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SB17b 

 

LR (Reich et al., 

2024) 

GRA 

OSH 

SAV 

WSA 

ENF 

US-Seg 

US-Ses 

US-Wjs 

US-Mpj 

US-Vcp, 

Vcm, Vcs 

GS mean 0.88 

0.84 

0.94 

0.87 

0.93 

Low elevation sites (US-Seg, 

Ses) agreed well with SB17, 

the mid- and high-elevation 

sites did not agree with SB17 

estimates. WSA values were 

higher with SB17b than 

PP18 

EE22 

 

ML (Eichelmann et 

al., 2022) 

WET US-TW1, 

TW4, MYP, 

Sne 

Annual trend  T/ET trends agreed well with 

leaf-level T measurements 

and followed GEP patterns, 

estimates were higher than 

SB17 

EE22 

 

ML (Liu et al., 2025) OSH Yanchi 

Research 

Station, 

Beijing, 

China 

Annual 

mean 

 Estimates were ~20% lower 

than TEA18 and sap flow 

values 

EE22 

 

ML (Li et al., 2024e) ENF CA-Ca3 Annual trend  Trends and values agreed 

well with TEA18, which 

were both higher than ZH16 
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