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A B S T R A C T   

Evapotranspiration (ET) accounts for water movements from land to air and plays a vital role in the terrestrial 
water, energy, and carbon cycles. Reliable estimates of ET for agricultural landscapes can facilitate water re-
sources management and food security analysis. The widely used Priestley-Taylor Jet Propulsion Laboratory (PT- 
JPL) model has the most potential to operationally simulate ET over large areas, but its inability to fully track soil 
evaporation dynamics using atmospheric humidity limits its application in agroecosystems. In this study, we 
isolated the uncertainties resulting from soil evaporation and assessed three Earth observation-based alternatives 
- apparent thermal inertia (ATI), microwave soil moisture (SM), and optical spectral indices based on shortwave 
infrared (SWIR) to formulate soil evaporation. Our results illustrate that the incorporation of the SWIR-based soil 
moisture divergence index (SMDI) and microwave-based SM into monthly soil evaporation led to 6% and 5% 
increase in explained ET variances and reduced RMSE by 23.2% and 13.1% for cropland and grassland, 
respectively, as compared to PT-JPL using atmospheric reanalysis data only. Further analyses demonstrated that 
PT-SMDI explained more observed ET variances than PT-JPL using in-situ measurements of atmospheric hu-
midity during the crop growing season, particularly for irrigated cropland (R2=0.65 for PT-SMDI; R2=0.62 for 
PT-JPL). On the other hand, the use of microwave SM outperformed other indices for ET assessment in grasslands 
but had lower performance in croplands. Our results suggest that a combination of optical SWIR and microwave 
SM has good potential to improve the PT-JPL model accuracy for agricultural landscapes.   

1. Introduction 

Evapotranspiration (ET) is the process by which water is transferred 
from the Earth’s surface to the atmosphere and reflects mass and energy 
exchange between the hydrosphere, biosphere, and atmosphere (Fisher 
et al., 2017). As an essential component of surface water and energy 
budgets, the value of ET has long been appreciated by hydrologists and 
agronomists, due to its direct and intimate relationship with terrestrial 
water consumption, vegetation photosynthesis, and crop carbon assim-
ilation in agroecosystems (Yang et al., 2018). In the context of global 
climate change, agricultural land use, including cropland and grassland, 
accounts for the majority of fresh water consumption and is especially 
vulnerable to increasing water scarcity, particularly in dry irrigated 
regions (Rounsevell et al., 2005; Hoekstra and Mekonnen, 2012). Thus, 
accurate and timely estimates of ET are important to support agricul-
tural practices and water resources management, including irrigation 
scheduling, regional water allocation, drought monitoring, crop growth 
and production estimates, and projecting long-term effects of global 

climate change. 
The Priestley-Taylor Jet Propulsion Laboratory (PT-JPL) model is 

suitable for operational ET estimation in agroecosystems (Fisher et al., 
2008). Based on the Priestley-Taylor (PT) algorithm, PT-JPL calculates 
ET directly as a fraction of potential evapotranspiration (Priestley and 
Taylor, 1972). The fraction is estimated from a series of constraints 
derived from vegetation indices and meteorological data to simulate the 
exchange of moisture between vegetation and atmosphere (Fisher et al., 
2009). The improved accuracy of PT-JPL across different ecosystems as 
compared to other methods has been validated in a number of inde-
pendent studies (Vinukollu et al., 2011; Chen et al., 2014; Ershadi et al., 
2014; McCabe et al., 2016; Michel et al., 2016; Miralles et al., 2016). For 
example, Ershadi et al. (2014) compared the PT-JPL, Penman–Monteith 
algorithm as realized by MOD16 (Mu et al., 2011), and the Surface 
Energy Balance System (SEBS) (Su, 2002) over twenty FLUXNET towers. 
The results for daily ET estimation illustrated that PT-JPL performed 
best overall (R2=0.70, RMSE=2.31 mm day− 1) for the majority of 
examined towers, followed by SEBS (R2=0.66, RMSE=2.94 mm day− 1) 
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and PM-Mu (R2=0.50, RMSE=3.71 mm day− 1). For flux towers located 
in agroecosystems, the correlations were comparable between PT-JPL 
and the thermal-based SEBS model, although PT-JPL slightly under-
estimated ET. The consistency in the performance of PT-JPL can be 
attributed to its parsimonious but robust formulation, leading to lower 
error propagation. Another reason may relate to its physically-based 
constraint functions serving a wide range of hydro-meteorological 
conditions (McCabe et al., 2016). As a result, PT-JPL has gained popu-
larity for estimating ET across a variety of different biomes and was also 
employed as the primary ET estimation model for NASA’s ECOSTRESS 
mission (Fisher et al., 2020). However, the lower performance of PT-JPL 
in agroecosystems suggests that there is scope for improvement for 
cropland and grassland systems. 

This lower performance of PT-JPL for agroecosystems can be 
attributed to the formulation of the soil evaporation component (ETs), 
which deviates more significantly from observed values as compared to 
canopy transpiration (ETc) (Talsma et al., 2018). The reduced accuracy 
in ETs can be attributed to various factors. First, PT-JPL relies on the 
moisture content of the overlying atmosphere to simulate soil evapo-
ration dynamics (Sumner and Jacobs, 2005). According to Bouchet’s 
theory, greater surface evaporation increases relative humidity (RH) in 
the overlaying air, which leads to a reduction of atmospheric evapora-
tive demand and thus decreases ET. This feedback causes the 
land-atmosphere system to reach a state of equilibrium, in which surface 
moisture is related to near-surface RH (Bouchet, 1963). However, the 
occurrence of this equilibrium state requires synoptic spatial scales and 
long enough time scales sufficient for the full accommodation between 
the surface and the atmosphere, which is hardly met in highly hetero-
geneous landscapes such as agroecosystems. As a result, when soil and 
atmospheric moisture are in a state of disequilibrium, near-surface RH is 
no longer an adequate indicator of soil moisture (Gao et al., 2016). 
Second, due to the lateral or vertical movement of water in soil, soil 
moisture dynamics vary significantly in time and space (Grayson et al., 
1997). However, atmospheric humidity derived from climate reanalysis 
datasets cannot accommodate fine spatial and temporal variations of soil 
water availability and may provide ambiguous results in agricultural 
areas (Yao et al., 2017). Additionally, uncertainties in ground heat flux 
(G) to calculate available energy flux also have impacts on the accuracy 
of ETs estimations. Especially for agricultural areas with sparse can-
opies, G could reach a considerable amount (Purdy et al., 2016). 

In response to the inherent uncertainties in the simulation of ETs, 
many studies have presented different solutions to improve the param-
eterization of soil moisture constraint (fsm) in PT-JPL (García et al., 
2013; Purdy et al., 2018; Yao et al., 2019; Marshall et al., 2020). Some 
research has been conducted to identify optimal formulation of fsm-RH 
and suggest that the parameter β (water control of soil evaporation) 
should be enhanced at different sites, especially in arid environments 
(Zhang et al., 2017a; Shao et al., 2019). However, their results illus-
trated that the optimized β was sensitive to measurement noise and 
varied significantly across different sites, ranging from 0.1 to 1. The 
most prominent and feasible alternative to improve ETs is to substitute 
atmosphere humidity from reanalysis data with remote sensing (RS) 
parameters, such as apparent thermal inertia (ATI), microwave soil 
moisture (SM), and optical spectral indices based on shortwave infrared 
(SWIR) (García et al., 2013; Marshall et al., 2016; Purdy et al., 2018; 
Yao et al., 2018). Compared to atmospheric moisture content, these 
RS-based retrievals are more directly linked to the surface soil water 
conditions. In addition, most of these retrievals are available at a higher 
spatial resolution than atmosphere humidity from reanalysis data, 
which has the potential to simulate fine spatial variations in ETs. 

The first RS-based alternative to improve the formulation of ETs was 
the ATI concept, which related to diurnal air temperature range (García 
et al., 2013; Yao et al., 2013). It is well documented that as ETs in-
creases, the amount of ground heat flux decreases, contributing to a 
lower diurnal air temperature range (Schmugge, 1978). Validation re-
sults illustrated that ATI could better represent the influence of soil 

water on ET than on RH under water-limited conditions (Zhang et al., 
2017b; Moyano et al., 2018). The second attempt to improve the 
parameterization of ETs is directly using SM retrieved from microwave 
remote sensing. To date, several satellite missions provide timely soil 
moisture information, such as the European Soil Moisture and Ocean 
Salinity (SMOS), the NASA’s Soil Moisture Active Passive (SMAP), and 
long-term datasets exist that combine remote sensing data from multiple 
sources into a SM product, such as the ESA CCI (Climate Change 
Initiative) SM record (Babaeian et al., 2019). Purdy et al. (2018) 
incorporated site-level SM from the Cosmic-ray Soil Moisture Observing 
System (COSMOS) and microwave-based SM from SMAP into PT-JPL. 
Their results demonstrated that the modified ET using site-level SM 
reduced bias by 29.9% and RMSE by 22.7% in arid regions, while when 
SMAP SM was used the RMSE reduction was only 2% for both 9 km and 
36 km resolution ET estimates. 

Another way to characterize the surface water condition from remote 
sensors is by using optical SWIR-based spectral indices, given that the 
SWIR spectral region can effectively capture water absorption features 
(Boschetti et al., 2014). RS-based surface reflectance at pixel scale 
generally results in a mixed signal from both vegetation and underlying 
soil, and is consequently sensitive to both vegetation water content and 
soil moisture at the soil surface (Bablet et al., 2018). Hence, a set of 
water-related spectral indices have been designed to detect large-scale 
water stress in the soil and vegetation canopy, such as the Normalized 
Difference Water Index (NDWI) (Gao, 1995), the Land Surface Water 
Index (LSWI) (Xiao et al., 2002), and the Visible and Shortwave Infrared 
Drought Index (VSDI) (Zhang et al., 2013a). Numerous studies suggest 
that these spectral indices were sensitive to soil moisture variations and 
can be implemented to characterize soil water stress (Chandrasekar 
et al., 2010; Zhang et al., 2013b; Bajgain et al., 2015; Yao et al., 2018). 
Recently, two further indices have been proposed, namely the Multi-
spectral Broadbands Ratio-based Vegetation Index (MSVI) and the Soil 
Moisture Divergence Index (SMDI), and have proven to be highly 
correlated with ETs in croplands (Marshall et al., 2016; Marshall et al., 
2020). All optical SWIR-based spectral indices reviewed here have 
highlighted the potential for employing the SWIR spectral signal to 
improve ETs accuracy in agroecosystems. 

To our knowledge, despite the multiple attempts to improve the 
parameterization of ETs with RS in specific sites or land covers, a 
comprehensive assessment of their impacts on the performance of PT- 
JPL is still lacking. In particular for grassland and cropland areas, soil 
evaporation plays an important role and the PT-JPL method performs 
worse than in forested ecosystems. Here, we compare RS-based alter-
natives to formulate fsm and estimate ET in agroecosystems. The alter-
natives broadly fall into three categories: thermal, microwave, and 
optical SWIR. The objectives of this study are: (1) to investigate if the 
incorporation of RS-based alternatives into the parameterization of fsm 
can improve the model accuracy of PT-JPL in agroecosystems, compared 
with atmospheric reanalysis data; (2) to analyze how PT-based methods 
employing ATI, SM, and SWIR-based spectral indices perform in rainfed 
grasslands, rainfed and irrigated croplands during the vegetation 
growing season. 

2. Materials and data pre-processing 

In this study, we incorporated in situ measurements, land surface 
climate reanalysis, and remote sensing image data in the PT-JPL model. 
Fig. 1 illustrates how each data source was incorporated into the 
workflow. 

2.1. Micrometeorological measurements 

Eddy covariance flux tower (EC) measurements from 31 sites across 
the globe (15 for grassland and 16 for cropland) were used in this study, 
resulting in a total of 225 site-years of micrometeorological measure-
ments. Most sites were retrieved from the FLUXNET2015 database 
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(available at: https://fluxnet.fluxdata.org/data/fluxnet2015-dataset/) 
(Baldocchi et al., 2001; Pastorello et al., 2017), with the exception of 
US-Bo1 and US-Ib1 which were retrieved from the La Thuile dataset 
(available at: https://fluxnet.org/data/la-thuile-dataset/). All sites have 
at least three years of continuous data, which is sufficiently long to 
capture interannual variability in ET. Detailed information about these 

sites is given in Table 1 and a map of the distribution of these sites is 
shown in Fig. 2. 

The downloaded Level 2 FLUXNET2015 and La Thuile datasets had 
already been gap-filled using the marginal distribution sampling method 
and linear interpolation with locally weighted regression (Reichstein 
et al., 2005; Pastorello et al., 2020). From these datasets, we extracted 

Fig. 1. The data sources, ecophysiological 
constraints, and representation of the workflow. 
In the revised PT-JPL model, ETc is a function of 
canopy net radiation (Rnc) constrained by the 
green canopy fraction (fg), plant moisture 
constraint (fM), and plant temperature 
constraint (fT). ETs is a function of soil net ra-
diation (Rns) constrained by soil moisture 
constraint (fsm). The fsm is initially derived from 
in situ measured RH or meteorological rean-
alysis of RH. To gain improvement in the 
parameterization of ETs, fsm can be derived 
from thermal ATI, microwave SM, and optical 
SWIR-based spectral indices, including LSWI, 
NDWI, MSVI, VSDI, and SMDI.   

Table 1 
EC flux-tower details of this study.  

Site Site name Start End Mean annual temp.(◦C) Annual precip.(mm) Elev.(m) IGBP Watering regime 

AU-Dap Daly River Savanna 2008 2011 27.3 984 102 GRA Rainfed 
AU-Stp Sturt Plains 2009 2014 25.8 640 250 GRA Rainfed 
CH-Cha Chamau 2008 2010 9.5 1136 393 GRA Rainfed 
CH-Oe1 Oensingen grassland 2006 2008 9.0 1100 450 GRA Rainfed 
CN-Cng Changling 2007 2010 5.0 400 171 GRA Rainfed 
CN-Du2 Duolun grassland 2006 2008 2.0 319 1350 GRA Rainfed 
CZ-BK2 Bily Kriz grassland 2007 2010 6.7 1316 855 GRA Rainfed 
DE-Gri Grillenburg 2004 2014 7.8 901 385 GRA Rainfed 
IT-MBo Monte Bondone 2007 2013 5.1 1214 1550 GRA Rainfed 
US-AR1 ARM USDA UNL OSU Woodward Switchgrass 1 2009 2011 15.0 592 611 GRA Rainfed 
US-AR2 ARM USDA UNL OSU Woodward Switchgrass 2 2009 2011 15.0 592 646 GRA Rainfed 
US-IB2 Batavia (Prairie site) 2007 2011 9.0 930 227 GRA Rainfed 
US-SRG Santa Rita Grassland 2008 2014 22.0 330 950 GRA Rainfed 
US-Var Vaira Ranch- Ione 2003 2014 15.8 559 129 GRA Rainfed 
US-Wkg Walnut Gulch Kendall Grasslands 2004 2014 15.6 407 1531 GRA Rainfed 
BE-Lon Lonzee 2007 2017 10.0 800 167 CRO Rainfed 
CH-Oe2 Oensingen2 crop 2013 2018 9.8 1155 452 CRO Rainfed 
DE-Geb Gebesee 2003 2018 8.5 470 162 CRO Rainfed 
DE-Kli Klingenberg 2004 2014 7.6 842 478 CRO Rainfed 
DE-RuS Selhausen Juelich 2013 2018 10.0 700 103 CRO Irrigated 
DE-Seh Selhausen 2007 2009 9.9 693 103 CRO Rainfed 
FR-Gri Grignon 2004 2014 12.0 650 125 CRO Rainfed 
IT-BCi Borgo Cioffi 2007 2009 18.0 600 20 CRO Irrigated 
US-ARM ARM Southern Great Plains site- Lamont 2006 2014 14.8 843 314 CRO Rainfed 
US-Bo1 Bondville 2004 2007 11.0 991 219 CRO Rainfed 
US-CRT Curtice Walter-Berger cropland 2011 2013 10.1 849 180 CRO Rainfed 
US-Ib1 Batavia 2006 2017 9.2 929 226.5 CRO Rainfed 
US-Ne1 Mead-irrigated maize site 2007 2018 10.1 790 361 CRO Irrigated 
US-Ne2 Mead-irrigated maize-soybean rotation site 2007 2018 10.1 789 362 CRO Irrigated 
US-Ne3 Mead-rainfed maize-soybean rotation site 2007 2018 10.1 784 363 CRO Rainfed 
US-Twt Twitchell Island 2009 2016 15.6 421 -7 CRO Irrigated  
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multiple ground-based surface heat fluxes and meteorological variables, 
including latent heat flux (LE, W m− 2), sensible heat flux (H, W m− 2), 
soil heat flux (G, W m− 2), surface net radiation (Rn, W m− 2), air tem-
perature (Tair,◦C), water vapor pressure deficit (VPD, Pa), relative hu-
midity (RH). Ancillary variables were also extracted, including the 
quality control (QC) flag, precipitation (P, mm day− 1), and incoming 
shortwave radiation (Rs, W m− 2). Field management information 
including the year-specific seeding date, harvest date, irrigation date, 
and crop type were directly provided by site data holders. 

Most tower data from EC stations were available at a half-hour time 
step, with the exception of the three US-Ne sites, which reported hourly. 
All ground-based measurements have been time-averaged to a daytime 
value using an incoming shortwave radiation threshold (≥10 W m− 2) 
(Hirschi et al., 2017). In addition to this, we also applied a series of 
quality control measures to ensure that records were only retained for 
dates with high-quality daily forcing variables. These measures 
included: (i) any half-hourly flux measurements corresponding to rain 
events were treated as missing, when open-path gas analyzers cannot 
provide reliable EC measurements; (ii) a filter of low quality flagged 
measurements (QC<2); (iii) any half-hourly flux measurements with 
large measured energy imbalance (>250 W m− 2) were excluded from 
this study; and (iv) any day with gaps more than 25% of the entire 
daytime was indicated as missing. After that, the energy balance closure 
across the selected sites was 77.2% on average. The Bowen-ratio and 
energy balance residual approach are used for energy balance closure, 
but they do not perform consistently across sites in our preliminary test 
(Pan et al., 2017). Hence, we used flux measurements without any 
correction. 

To match with the satellite data, the site observations within the 8- 
day compositing window of MODIS were used for analysis. Because 
MODIS 8-day values do not represent a true average for the compositing 
window, we applied an 8-day exponential moving average to daytime 
averages and limited ourselves to the smoothed observations at the same 
day for MODIS Aqua overpass. Additionally, in situ measurements at a 

daily step were also averaged to monthly values to run the models at 
monthly scale. Any month with gaps more than 25% of the entire month 
were indicated as missing. 

2.2. Satellite image data 

2.2.1. MODIS products 
The Moderate Resolution Imaging Spectroradiometer (MODIS) 

sensor onboard the Terra and Aqua polar-orbiting satellites has 36 
spectral bands over a range of spatial resolutions (250, 500 and 1000 m) 
with almost daily coverage of the Earth (https://modis.gsfc.nasa. 
gov/data). In this study, a time series of 8-day 500 m surface reflec-
tance and 8-day 1 km land surface temperature (LST) for the same time 
period of site observations were derived from MODIS Version-6 products 
(MYD09A1 and MYD11A2, respectively) through the Application for 
Extracting and Exploring Analysis Ready Samples (AρρEEARS) tool 
(https://lpdaacsvc.cr.usgs.gov/appeears). Quality control (QC) flags, 
which signal cloud contamination and other sources of noise in each 
pixel, were examined to reject poor quality data. No gap-filled method 
was used on the satellite image data, so days with poor quality flag data 
were omitted in our analysis. 

We computed NDVI using near-infrared and red band surface 
reflectance of MYD09A1 at 8-day and 500 m spatial resolution. Other 
SWIR-based spectral indices and relevant fsm were calculated from 
related reflectance bands from MYD09A1. The LST information was 
obtained from the 8-day MYD11A2, along with acquisition date. All 
satellite-derived parameters were time-averaged to monthly value with 
a threshold of 25% missing values. 

2.2.2. ESA CCI soil moisture product 
Soil moisture retrievals by microwave remote sensing are based on 

either brightness temperature (passive) or backscatter coefficient 
(active) observations (Babaeian et al., 2019). Generally, passive micro-
wave SM products perform better over water-limited regions, whereas 

Fig. 2. The distribution of cropland and grassland flux towers from FLUXNET2015 overlaid on a Köppen–Geiger Climate Classification map (Peel et al., 2007).  
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active microwave SM products perform better over densely vegetated 
areas (An et al., 2016). We used the European Space Agency (ESA) 
Climate Change Initiative (CCI) SM product, which was produced 
globally by merging both active and passive microwave SM products 
through a weighted average method (Dorigo et al., 2017). This daily CCI 
SM product has a long time-span (1978 to date), with a spatial resolution 
of 25 km, whereas the SMAP product is limited to 2015 to date. In this 
study, we use the latest version (v04.7) of the CCI SM product, which can 
be downloaded from the CCI SM website (https://www.esa-soilmoistur 
e-cci.org). More details about this product can be found in Liu et al. 
(2012) and Dorigo et al. (2017). The SM time series were extracted for 
pixels that overlapped each station. 

2.3. Meteorological reanalysis dataset 

In this study, we also used monthly RH and Tair from ERA5-Land 
reanalysis data as a comparison to ground-based measurements. The 
reanalysis Tair combined with RH can be used to calculate VPD (Mur-
ray, 1967), which is not explicitly available from the reanalysis dataset. 
The ERA5-Land product is the latest European reanalysis produced by 
the ECMWF and provides a consistent view of the water and energy 
cycles at surface level across several decades (Dee et al., 2011). Rean-
alysis merges observations and model forecasts using data assimilation 
methods. The ERA5-Land product has a spatial resolution of 0.1◦, which 
is freely accessible (https://www.ecmwf.int/en/forecasts/datasets 
/browse-reanalysis-datasets). Monthly RH and Tair series were extrac-
ted for the pixels that overlapped with each of the stations. 

2.4. Soil property data 

Site-specific soil properties came from the harmonized dataset of 
derived soil properties for the world (WISE30sec), which is available 
online at the ISRIC website (https://data.isric.org). The WISE30sec 
dataset provides 20 soil properties on a 30 arc-seconds global grid (~1 
km). These properties are commonly required for land evaluation, crop 
growth simulation, and analyses of global environment change (Batjes, 
2016). The soil properties for each station to derive soil-plant wilting 
point and soil field capacity was extracted from the corresponding 
pixels. 

3. Methods 

The PT-JPL model proposed by Fisher et al. (2008) was originally 
designed to be run at a hourly scale and was proven to be effective for a 
wide range of climates and plant functional types. Total evaporation is 
divided into three components: canopy transpiration (ETc), soil evapo-
ration (ETs), and canopy intercepted evaporation (ETi). Among them, 
the ETi could reach a considerable amount in forested areas following a 
wetting event (Miralles et al., 2010). But for cropland and grassland, ETi 
is relatively small. Therefore, we used the modified version of PT-JPL for 
water-limited regions, which was proposed by García et al. (2013). 

3.1. The revised PT-JPL model description 

The basic revised PT-JPL model can be described as: 

ET = ETc + ETs (1) 

All the equations and variables used to retrieve ET are listed in 
Table 2. More details can be found in Fisher et al. (2008) and García 
et al. (2013). The revised PT-JPL differs from the original PT-JPL in 
three ways. Firstly, fg constrains the biophysical capacity for energy 
absorptance by green vegetation canopy and was initially calculated as 
the ratio of fAPAR derived from SAVI or EVI to the total amount of energy 
intercepted by the canopy derived from NDVI (Gao et al., 2000; Fisher 
et al., 2008). We used the formulation of fAPAR in García et al. (2013), 
which is calculated as a function of NDVI (Myneni and Williams, 1994). 

Second, fT constrains canopy photosynthetic efficiency when plants are 
growing at sub-optimal temperatures. Topt is initially calculated for each 
pixel with peak canopy activity (the maximum of Tair, NDVI, PAR and 
minimum VPD). fT was estimated by the Carnegie-Ames-Stanford 
Approach (CASA) model (Potter et al., 1993). To avoid site-dependent 
calibrations of Topt, Topt was set as a constant of 25◦C, as suggested by 
García et al. (2013). Thirdly, fsm is an index of soil water deficit, which is 
used to simulate soil control on ETs. PT-JPL formulates it as a combi-
nation of atmospheric conditions (RHVPD/β), where β determines the 
relative sensitivity of soil moisture to VPD. We substituted fsm-RH with 
RS-based alternatives, as described in Section 3.2. 

3.2. PT-based models with revised soil moisture constraint 

3.2.1. PT-ATI 
The first alternative EO-based indicator of soil moisture is apparent 

thermal inertia (ATI), which relates to the diurnal air temperature range 

Table 2 
All equations in the revised PT-JPL model. Values for related parameters: 
kRn=0.6; kPAR=0.5; Δ is the slope of the saturation water vapor pressure versus 
temperature curve; γ is the psychrometric constant (0.066 kPa C− 1); α is the 
Priestley-Taylor coefficient (1.26); β defines the relative sensitivity to VPD, 
which is set as 1; Tair is daily mean air temperature; G is soil heat flux (W m− 2).  

Parameter Description Equation Reference 

ETc Canopy 
transpiration 

fgfTfMα Δ
Δ + γ

Rnc  
Fisher 
et al. 
(2008) 

ETs Soil 
evaporation 

fSMα Δ
Δ + γ

(Rns − G) García 
et al. 
(2013) 

fg Green canopy 
fraction 

fAPAR/fIPAR  Fisher 
et al. 
(2008) 

fAPAR Fraction of 
PAR absorbed 
by green 
vegetation 
cover 

1.16× NDVI − 0.14  García 
et al. 
(2013) 

fIPAR Fraction of 
PAR 
intercepted 
by canopy 

1.0× NDVI − 0.05  Fisher 
et al. 
(2008) 

fM Plant 
moisture 
constraint 

{
fAPAR/fAPARMax, after day of fAPARMax

1, before day of fAPARMax  

Fisher 
et al. 
(2008) 

fAPARMax Maximum 
fraction of 
light 
absorptance 

Maximum fAPAR  Fisher 
et al. 
(2008) 

fT Plant 
temperature 
constraint 

1.1814× [1 + e0.2×(Topt − 10− Tair)]
− 1

×

[1 + e0.3×(− Topt − 10− Tair)]
− 1  

García 
et al. 
(2013) 

fsm Soil moisture 
constraint 

fsm = RHVPD/β  Fisher 
et al. 
(2008) 

Topt Optimum 
plant growth 
temperature 

25◦C Yuan 
et al. 
(2010) 
García 
et al. 
(2013) 

Rnc Net radiation 
to canopy 

Rn − Rns  Fisher 
et al. 
(2008) 

Rns Net radiation 
to soil 

Rn × e(− kRn×LAI) Fisher 
et al. 
(2008) 

LAI Leaf area 
index 

− ln(1 − fc)/kPAR  Fisher 
et al. 
(2008) 

fc Fractional 
vegetation 
cover 

fIPAR  Fisher 
et al. 
(2008)  
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(DT). We used the ATI equation proposed by Yao et al. (2013), which is 
explicitly used with MODIS LST products and has no ancillary data re-
quirements. The fsm-ATI is retrieved using an exponential algorithm, as: 

fsm = ATIk =

(
1

DT

)DT/DTmax

(2)  

DT = LSTDay − LSTnight (3) 

DTmax is set as 60◦C, following Yao et al. (2013). ATI can also be 
derived from the diurnal air temperature range (Tairmax-Tairmin), with a 
DTmax of 40◦C. We used the 8-day MODIS LST product to calculate DT. 

3.2.2. PT-SMI 
The most direct way to represent the control of soil on ETs is by using 

surface extractable water, which is calculated from the previous soil 
water content (SWC) plus current precipitation minus wilting point (Jin 
et al., 2011). However, surface extractable water is cumbersome to 
derive on a regional scale. With the development of microwave tech-
niques, it is possible to use pixel-scale soil moisture to simulate the soil 
control on evaporation. To normalize the impact from soil, Purdy et al. 
(2018) introduced the relative extractable water (fREW) index into the 
PT-JPL model as: 

fREW =
θobs − θwp

θFC − θWP
(4)  

where θobs is the soil moisture observation, θwp is the soil-plant wilting 
point, and θFC is the soil field capacity. We used this equation to 
parameterize fsm-SMI using ESA CCI SM data. The θwp and θFC for each 
site were derived from the ISRIC-WISE30sec profile data using pedo-
transfer functions (Botula et al., 2012). 

3.2.3. PT-SWIR 
Higher soil moisture and leaf water content levels cause a decrease in 

spectral reflectance, but the response depends on the spectral band. Due 
to the high sensitivity of SWIR reflectance to soil moisture, vegetation 
cover and leaf moisture content, multiple SWIR-based spectral indices 
have been developed using a combination of VIS, NIR, and SWIR bands. 
All spectral indices (SI) that we used in this study can be converted to 
soil moisture constraint following this equation: 

fSM =
SI − SImin

SImax − SImin
(5)  

where SImax is the seasonal maximum value of SI and SImin is the seasonal 
minimum value of SI in a specific year.  

1) PT-LSWI 

Xiao et al. (2002) developed LSWI to monitor plant canopy water 
content, by considering both NIR band (ρ858) and SWIR band (ρ1640). 
Similarly, Chen et al. (2005) using a combination of MODIS NIR (ρ858) 
and SWIR (ρ1640 or 2130) products found that the LSWI1640 and LSWI2130 
both show great potential in monitoring soil and vegetation liquid water 
content. Because the MODIS 1640 nm band in the SWIR region is seri-
ously affected by water vapor and aerosols, we used the 2130 nm band 
to calculate LSWI as: 

LSWI =
ρnir − ρswir2

ρnir + ρswir2
(6)  

where ρnir is centered at 858 nm (MODIS band 2) and ρswir2 is centered at 
2130 nm (MODIS band 7).  

2) PT-NDWI 

Gao (1995) proposed a similar index, namely NDWI, to indicate 
vegetation liquid water from space, given by: 

NDWI =
ρnir − ρswir1

ρnir + ρswir1
(7)  

where ρnir is centered at 858 nm (MODIS band 2) and ρswir1 is centered at 
1240 nm (MODIS band 5). Previous studies illustrated that NDWI is 
sensitive to vegetation liquid water variances and the moisture of soil 
surface, since other factors of soil property changed very slowly with 
time (Liu et al., 2002; Wang et al., 2008).  

3) PT-VSDI 

The Visible and Shortwave Infrared Drought Index (VSDI) was 
developed for monitoring surface dryness using both SWIR, red, and 
blue band (Zhang et al., 2013a). The VSDI is subtracted from 1 to make it 
positively correlated with moisture variation: 

VSDI = 1 − [(ρswir2 − ρblue)+ (ρred − ρblue)] (8)  

where ρswir2 is centered at 2130 nm (MODIS band 7), ρblue is centered at 
469 nm (MODIS band 3) and ρred is centered at 645 nm (MODIS band 1). 
Compared with LSWI and other typical drought indices, VSDI is robust 
and reliable in the estimation of soil moisture, particularly for deeper 
soil layers (20 cm and 50 cm) (Zhang et al., 2013b).  

4) PT-MSVI 

Based on the hyperspectral narrowband and multispectral broad 
band indices, Marshall et al. (2016) comprehensively evaluated the 
correlation between MSVIs and ET components. Their results demon-
strated that the MSVI involving MODIS band 3 and MODIS band 5 
produced good correlation (R2=0.58) with ETs . The optimal MSVI for 
spectral wavelengths from 428 to 2295 nm is denoted as: 

MSVI =
ρblue − ρswir1

ρblue + ρswir1
(9)  

where ρblue is centered at 469 nm (MODIS band 3) and ρswir1 is centered 
at 1240 nm (MODIS band 5).  

5) PT-SMDI 

Recently, a new two-band combination was identified by Marshall 
et al. (2020), referred to as the soil moisture divergence index (SMDI). 

SMDI =
ρswir1 − ρred

ρswir1 + ρred
(10)  

where ρred is centered at 645 nm (MODIS band 1) and ρswir1 is centered at 
1240 nm (MODIS band 5). SMDI was shown to perform better during the 
growing season at irrigated/flood sites than the original PT-JPL model. 

3.3. Assessment methods 

We firstly evaluated the performance of all PT-based models using 
different parameterizations of fsm at monthly time step. Given that the 
crop growing season is of primary interest for agronomists and farmers, 
we incorporated crop field information provided by farm managers and 
data handlers into the evaluation of ET at a seasonal timestep. The 
statistical metrics to evaluate model accuracy against in situ measured 
ET include the coefficient of determination (R2), bias, mean absolute 
error (MAE), root mean square error (RMSE), and relative RMSE 
(rRMSE). The R2s were reported at the 95% confidence band (p<0.05). 
A two-sided t-test was used to determine if the difference in seasonal 
means of observed ET and simulated ET was zero (null hypothesis) at the 
95% confidence level. A rejection of the null hypothesis means that there 
is a statistically significant difference between the seasonal means of 
simulated and actual ET during the vegetation growing season. The 

L. Zhang et al.                                                                                                                                                                                                                                   



Agricultural and Forest Meteorology 306 (2021) 108455

7

number of seasons indicates how many times each model failed the t-test 
during the crop growing season. 

4. Results 

4.1. Model evaluation at monthly time step 

We first compared the performance of PT-based models parameter-
ized by different soil moisture constraints over the entire period with 
available data on a monthly time step (Fig. 3). All soil moisture con-
straints were derived from satellite imaged data or metrological rean-
alysis data. Because the canopy transpiration component is well 
constrained in PT-JPL, ET estimates of all PT-based models match well 
with tower measurements, with R2 ranging from 0.69 to 0.75 (Fig. 3). 
Among them, the microwave-based PT-SMI had a better performance in 
agroecosystems, with relatively higher R2 (0.75) and lower RMSE (34.90 
mm month− 1). The SWIR-based PT-SMDI also showed better correla-
tions (ΔR2 of +3%) with observed ET and lower RMSE (ΔRMSE of 
-11.4%) as compared with PT-JPL using atmospheric reanalysis data. 
Moreover, Fig. 3 shows that PT-JPL and PT-ATI significantly underes-
timate ET, with biases of -31.20 mm month− 1 and -29.77 mm month− 1, 
respectively. The underestimation of ET was also confirmed by the 
multiyear time series of ET simulated by PT-based models in typical flux 
tower sites with different landscapes (Fig. 4). 

We also evaluated the performance of PT-based models in different 
agricultural landscapes, namely, grassland and cropland. Fig. 5 shows 
that PT-SMI using microwave SM performed best for grassland sites, 
with an R2 of 0.77 and RMSE of 34.78 mm month− 1. Similarly, PT-JPL 
provided relatively higher R2 (0.72) and PT-ATI provided lower RMSE 
(40.03 mm month− 1) in grasslands. In contrast, SWIR-based models 
showed reduced performance in grasslands, with higher RMSE (≥41.25 
mm month− 1). Among them, PT-MSVI had the worst performance over 
grassland, with an R2 of 0.64 and RMSE of 46.27 mm month− 1. For 
cropland, most PT-based models utilizing SWIR signal to detect seasonal 
soil water availability achieved better scores compared to other RS- 
based models, such as PT-SMDI (R2: 0.78; RMSE: 36.07 mm month− 1) 
and PT-MSVI (R2: 0.75; RMSE: 36.64 mm month− 1). Compared with its 
relatively good performance for grassland, the microwave-based PT-SMI 
had reduced performance over cropland, with an R2 of 0.72. Moreover, 
PT-JPL and PT-ATI produced relatively high RMSE (46.95 mm month-
− 1and 49.70 mm month− 1, respectively) over cropland, particularly for 
the flooded US-Twt site. 

We further analyzed the performance of PT-based models over irri-
gated and rainfed cropland (Table 3). We note that we only had five 
irrigated cropland sites in our analysis against 11 rainfed cropland sites. 
Although on average PT-based models exhibited higher R2 over irrigated 
cropland, the RMSE values of irrigated cropland sites were also higher 

than for rainfed cropland sites. For individual models, PT-SMDI had the 
strongest correlations with ground-based ET for both rainfed (R2=0.74) 
and irrigated (R2=0.85) cropland, followed by PT-MSVI. In contrast, the 
SWIR-based PT-VSDI performed poorest for cropland, with an R2 of 0.67 
for rainfed cropland and 0.74 for irrigated cropland. As opposed to its 
good performance (R2=0.77) over rainfed grassland sites (as seen in 
Fig. 5), the PT-SMI had relatively lower correlation (R2=0.69) with 
ground-based ET over rainfed cropland sites, despite the lowest RMSE 
(33.27 mm month− 1). The PT-ATI model seems to deviate more than 
others, with mean RMSEs of 47.25 mm month− 1 for rainfed cropland 
and 55.10 mm month− 1 for irrigated cropland. 

4.2. Model evaluation during the vegetation growing season 

4.2.1. Cropland 
We also ran all PT-based models at an 8-day time step and used site- 

specific crop sowing and harvest dates to focus on the crop growing 
season. Fig. 6 provides an example of seasonal variations in soil moisture 
constraints and estimated ET for typical flux tower sites in different 
agricultural landscapes. The fsm simulated by in situ measure RH and 
VPD was used as a reference for surface dryness. Generally, the variation 
of most ETs-related parameters exhibited similar seasonality, while the 
amplitude of seasonal variances was different (Fig. 6A, 6B, 6C). 
Compared with the variation of fsm-RH, the MSVI and VSDI showed less 
seasonal fluctuations, followed by NDWI. By contrast, the LSWI and 
SMDI corresponded better with fsm-RH and remained comparatively 
high in the crop growing season. As a result, ET estimates simulated by 
PT-LSWI and PT-SMDI had better consistency with ET observations, 
particularly for planting and harvest dates (Fig. 6a, 6b, 6c). But in the 
middle of the crop growing season, all ETs-related parameters reached 
their seasonal peaks and provided similar ET estimates. Moreover, the 
microwave-based SM declines during the crop growing season over the 
US-Twt site, but other ETs-related parameters reach a maximal value in 
the crop growing season (Fig. 6C). Consequently, PT-SMI had an obvious 
underestimation of ET in US-Twt during the crop growing season 
(Fig. 6c) and resulted in much higher RMSE (as seen in Fig. 5). 

We also performed a statistical comparison of estimated ET and 
observed ET for rainfed and irrigated cropland focusing only on the crop 
growing season (Fig. 7). We note that this is expected to result in poorer 
correlations given that the stable (winter) period with little ET (which is 
easier to model) is not included. On average, ET estimates simulated by 
different RS-based models explained 58% to 66% variance of observed 
ET in the crop growing season (against 69% and 75% for the full year, 
see Fig. 5). Moreover, the PT-JPL model running with in situ measured 
RH and VPD is expected to provide more reliable ET estimates than PT- 
based models using satellite image data, due to the pixel-to-footprint 
mismatch issue. 

Fig. 3. Scatterplots for ET estimates by different PT-based models versus in situ ET measurements at monthly scale for all selected sites. The 1:1 and linear regression 
lines are shown by the gray and red lines, respectively. 
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Our results illustrated that PT-SMDI provided good agreement with 
observed ET in the crop growing season, with a mean R2 of 0.63 and 
RMSE of 1.73 mm day− 1. Particularly for irrigated cropland, PT-SMDI 
explained more variance (R2=0.65) of observed ET than PT-JPL 

(R2=0.62) using in situ measured RH and VPD. Other PT-based models 
using SWIR to detect surface water stress also provided comparable 
correlations with observed ET to PT-JPL in irrigated croplands, such as 
PT-LSWI and PT-MSVI (R2: 0.64). Different from its relatively poor 

Fig. 4. Temporal variation of ET estimates versus ET observations at monthly scale for continuous 3-year periods for different agricultural landscapes: CH-Oe1 
(rainfed grassland), CH-Oe2 (rainfed cropland), IT-BCi (irrigated cropland), US-Twt (irrigated cropland with flooded rice). 

Fig. 5. R2 and RMSE of estimated ET vs observed ET for: grassland sites (A, a) and cropland sites (B, b). Grassland and cropland sites are ordered based on multiyear 
averaged SM from top (drier) to the bottom (wetter). 
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performance for cropland at monthly scale, the thermal-based PT-ATI 
corresponded well (R2: 0.62) with observed ET during crop growing 
season, despite relatively higher RMSE (1.80 mm day− 1). By contrast, 
the performance of PT-SMI in the crop growing season was slightly 
worse than others, with a mean R2 of 0.58. Meanwhile, ET estimates 
simulated by PT-SMI deviated more significantly from observed ET in 
irrigated croplands during the crop growing season, with a mean RMSE 
of 2.06 mm day− 1. 

To corroborate the analysis for crop growing season, we performed a 
two-sided t-test on a seasonal basis to assess if a significant statistical 
difference exists in seasonal means of estimated and observed ET during 
the crop growing season (Table 4). As shown in Fig. 8, PT-based models 
provided similar seasonal distributions of ET estimates at most sites, 
while they tended to have a slightly lower seasonal mean of ET estimates 

at sites with C3 crop and a higher seasonal mean of ET estimates at sites 
with C4 crop. But for the US-Twt site with flooded rice, SWIR-based 
indices produced mean estimates closer to observed seasonal means 
than other indices. The statistical results of the t-test revealed that the 
original PT-JPL model using in situ measured RH and VPD on average 
was closer to the observed means than other RS-based models, with an 
average deviation from the observed ET means of one season at each 
site. PT-SMDI had an average t-statistic ranging from 2.37 to -1.42, 
which was comparable to PT-JPL (2.78 to -1.33). On average, ET esti-
mates simulated by PT-SMDI were statistically different from the 
observed mean at each site approximately 1.3 seasons. But for irrigated 
cropland, the PT-SMDI was closer to observed means of ET with 
approximately 1.6 deviation seasons as compared to PT-JPL (1.8 sea-
sons). Similarly, PT-MSVI had a mean t-statistic ranging from 2.47 to 

Table 3 
Monthly estimated ET versus observed ET for all indices over rainfed and irrigated cropland  

Model Rainfed cropland Irrigated cropland 
R2 RMSE (mm month− 1) rRMSE(%) R2 RMSE (mm month− 1) rRMSE(%) 

PT-JPL 0.70 41.43 22.7 0.78 54.54 24.7 
PT-ATI 0.67 47.25 25.0 0.77 55.10 25.6 
PT-SMI 0.69 33.27 19.2 0.80 41.11 18.8 
PT-LSWI 0.71 42.50 22.3 0.80 45.35 21.2 
PT-NDWI 0.72 41.96 22.0 0.80 45.75 21.3 
PT-MSVI 0.71 35.97 19.1 0.82 38.12 18.7 
PT-VSDI 0.67 43.79 22.9 0.74 47.72 22.3 
PT-SMDI 0.74 35.49 18.8 0.85 37.35 18.2  

Fig. 6. Seasonal dynamics of different soil moisture constraints (left) and corresponding ET estimates (right) for rainfed US-Ne3, irrigated US-Ne1, and irrigated 
(flooded) US-Twt, where the blue bar in left column represents the microwave-based SM and the green line in both columns indicates the crop stage of 
growing season. 
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-1.58 and deviated from seasonal means of ET observations 1.2 seasons 
at each site. In contrast, the PT-ATI deviated more significantly from the 
observed mean at cropland sites, with mean t-statistic ranging from 3.65 
to -0.58 and an average deviation from the observed ET mean of 1.56 
seasons. 

4.3.2. Grassland 
The seasonal variations of soil moisture-related parameters and 

corresponding ET estimates in two typical grassland towers are shown in 
Fig. 9. Compared with seasonal cycles of soil moisture constraints in 
cropland sites, all parameters showed relatively weak seasonality in 
grassland areas (Fig. 9A, 9B). Generally, while microwave-based SM had 
many data gaps in winter months, it generally corresponded well with 
fsm-RH, as opposed to its seasonal variation patterns over cropland sites. 
That is likely the reason why PT-SMI performs better for grassland sites 
than for cropland sites. Similar to microwave-based SM, the variation of 
ATI captured most seasonal features of fsm-RH, despite some data gaps 
due to cloud contamination. As a result, ET estimates simulated by PT- 
ATI corresponded well with observed ET (Fig. 9a, 9b). Compared with 
their good performance for cropland, SWIR-based indices had relatively 
poorer correlations with fsm-RH and microwave-based SM for grassland 
sites. Consequently, PT-SWIR models showed reduced performance in 
grassland sites as compared to their performance for cropland sites. 

Because grassland sites have no explicit record about the start and 
end of growing season, we used a filter of multiyear median value of 
NDVI to differentiate grass growth stage (Zambrano et al., 2018). Like 
the monthly analysis, ET estimates simulated by PT-SMI explained more 
observed ET variance (R2=0.68) than other models in Fig. 10, with a 
considerably lower RMSE (1.56 mm day− 1). In comparison to PT-SMI, 
while using in situ measured RH and VPD, PT-JPL explained less varia-
tion of observed ET over examined grassland sites during the grass 
growing season, with a R2 of 0.64. On the other hand, SWIR-based 
models deviated more significantly from observed ET in grassland 
sites, with a mean RMSE higher than 1.76 mm day− 1. For example, 
PT-SMDI, the top-performing model in cropland sites, had reduced 
performance (R2=0.60, RMSE=1.91 mm day− 1) in grassland sites. 
Similarly, PT-MSVI provided the worst performance in grassland sites 
during the grass growing season, with a mean R2 of 0.58 and a mean 

RMSE of (2.00 mm day− 1). In addition, compared with the relatively 
poor performance over cropland sites, the PT-ATI performed better for 
grassland sites during the grass growing season, with an average R2 of 
0.64 and RMSE of 1.64 mm day− 1. 

5. Discussion 

The results of this study indicate that the incorporation of RS-based 
SWIR and microwave SM into soil evaporation formulations might 
improve the accuracy of PT-JPL for agroecosystems. Specifically, the 
substitution of atmospheric reanalysis humidity with optical SWIR- 
based SMDI and microwave-based SM to simulate seasonal dynamics 
of terrestrial water availability results in around a 5% increase in R2 and 
reduced RMSE by 23.3% and 13.1% for ET estimation over cropland and 
grassland, respectively. Furthermore, PT-SMDI performed slightly better 
in capturing short-term changes in terrestrial water availability in irri-
gated agroecosystems (R2=0.65), compared with PT-JPL forcing by in 
situ measured RH (R2=0.62). 

5.1. The performance of the revised PT-JPL model 

The performance of PT-JPL on a monthly scale was generally satis-
factory across grassland and cropland, with R2 values of 0.72. Similar 
performance has been reported by Ershadi et al. (2014), with average R2 

of 0.77 and 0.74 across four grassland sites and four cropland sites, 
respectively. However, while the ERA-5 product employed in this study 
is an improvement over the ERA-Interim product, the atmosphere 
properties derived from the ERA-5 dataset at 10 km spatial resolution 
still have inherent bias to the true status of overlying atmosphere 
(Albergel et al., 2018). Alternatively, Famiglietti et al. (2018) proposed 
a possible way to retrieve RH from MODIS-derived near-surface Tair and 
dew point at much higher spatial resolution (100-1000 m), which could 
result in a better performance of PT-JPL with gridded climate data. 
However, because the conversion process retains compounded errors 
associated with two distinct estimates, the reliability of MODIS-derived 
RH and further its impacts on ET estimation are not well established. 

The reliability of fsm-RH to track surface water stress also varies 
depending on time and land cover type. As shown in our results, even 

Fig. 7. Boxplots of R2 and RMSE for all cropland sites within the growing season. Boxplots depict median, 25% to 75% range (box) and 10% to 90% range (whiskers), 
and the asterisk indicates the mean value. 
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when using in situ measured RH, the PT-JPL model tends to underper-
form in agroecosystems within the growing season on an 8-day scale. 
This physical bias is exacerbated over irrigated ecosystems with active 
water management, which is consistent with the findings of Marshall 
et al. (2020). As mentioned in the introduction section, one possible 
explanation is that the capability of RH-based fsm to track soil water 
availability relies on the surface equilibrium condition (Gao et al., 
2016). However, the surface equilibrium condition may not be valid in 
all spatial and temporal scales, given the limitations of Bouchet’s theory. 
For time, when soil moisture matters in simulating water fluxes is often 
the time of most uncertainty in this approach. For spatial scales, the 
theory is hard to employ for areas the size of an agricultural field. 
Therefore, the link between surface moisture status and atmospheric 
evaporative demand has not been well established (Su et al., 2018). On 
the other hand, due to land surface heterogeneity, the surface advection 
cannot be negligible at a local scale (Wang et al., 2004). Particularly for 
irrigated cropland, the advection of atmospheric moisture could be 
considerable, resulting in poor performance of PT-JPL. In general, to our 
knowledge, fsm-RH is well suited for wet regions with relatively homo-
geneous surfaces and for longer time steps. 

5.2. The performance of the revised PT-based models 

5.2.1. PT-SWIR 
In this study, the incorporation of the SWIR spectral signal into the 

parameterization of fsm shows good potential to improve the accuracy of 
PT-JPL in croplands. Among them, PT-SMDI using a combination of 
visible red and SWIR bands performed better than other models. The 
good performance of these PT-SWIR models can be associated with the 
tight relation between the SWIR signal and surface water stress (Gao, 
1995). Due to the high absorption of the SWIR signal by liquid water, 
SWIR-based spectral indices respond strongly to seasonal dynamics of 
soil water availability (Zhou et al., 2017). Therefore, PT-SWIR models 
provided good correspondence to ET measurements in croplands on a 
monthly time step. 

Results from the current study also showed that most SWIR-based 
spectral indices are generally effective to simulate short-term dy-
namics of soil water availability during the crop growing season but 
have a different degree of sensitivity. As suggested by Marshall et al. 
(2020), LSWI and SMDI were the top-performing band combinations to 
capture ETs variances over cropland, particularly for irrigated/flooded 

Table 4 
Mean t-statistic for seasonal means of simulated ET versus observed ET during crop growing season. Nyears is the total number of site-years data and Nreject is the number 
of times the null hypothesis was rejected.  

Site Nyears Model Nreject t- statistic Model Nreject t- statistic 

BE-Lon 11 PT-JPL 1 -0.73 PT-ATI 0 0.17 
PT-SMI 0 0.08 PT-LSWI 0 0.40 
PT-MSVI 0 -0.30 PT-SMDI 0 -0.03 

CH-Oe2 6 PT-JPL 1 1.36 PT-ATI 3 2.14 
PT-SMI 0 1.10 PT-LSWI 5 2.30 
PT-MSVI 1 1.12 PT-SMDI 1 1.31 

DE-Geb 16 PT-JPL 0 0.67 PT-ATI 1 1.35 
PT-SMI 0 0.56 PT-LSWI 2 1.32 
PT-MSVI 0 0.64 PT-SMDI 0 0.86 

DE-Kli 11 PT-JPL 1 -0.09 PT-ATI 2 0.44 
PT-SMI 2 -0.53 PT-LSWI 3 0.79 
PT-MSVI 3 -0.35 PT-SMDI 3 -0.09 

DE-RuS 6 PT-JPL 3 1.90 PT-ATI 4 2.36 
PT-SMI 3 2.11 PT-LSWI 4 2.41 
PT-MSVI 2 1.85 PT-SMDI 4 2.26 

DE-Seh 3 PT-JPL 2 2.14 PT-ATI 3 2.86 
PT-SMI 3 2.44 PT-LSWI 3 2.82 
PT-MSVI 3 2.47 PT-SMDI 3 2.37 

FR-Gri 11 PT-JPL 1 0.94 PT-ATI 3 1.92 
PT-SMI 2 1.23 PT-LSWI 5 2.18 
PT-MSVI 2 1.33 PT-SMDI 3 1.66 

IT-BCi 3 PT-JPL 0 0.05 PT-ATI 1 1.71 
PT-SMI 1 1.94 PT-LSWI 2 2.00 
PT-MSVI 1 1.10 PT-SMDI 1 1.52 

US-ARM 9 PT-JPL 0 0.13 PT-ATI 2 0.97 
PT-SMI 2 0.98 PT-LSWI 0 0.73 
PT-MSVI 1 0.07 PT-SMDI 0 0.53 

US-Bo1 4 PT-JPL 1 -1.33 PT-ATI 0 -0.58 
PT-SMI 1 -2.14 PT-LSWI 0 -0.42 
PT-MSVI 2 -1.58 PT-SMDI 2 -1.42 

US-CRT 3 PT-JPL 0 -0.08 PT-ATI 0 0.78 
PT-SMI 0 -0.04 PT-LSWI 0 0.77 
PT-MSVI 0 -0.04 PT-SMDI 0 0.25 

US-Ib1 12 PT-JPL 0 -0.65 PT-ATI 0 -0.09 
PT-SMI 0 -1.10 PT-LSWI 0 0.02 
PT-MSVI 0 -0.88 PT-SMDI 0 -0.68 

US-Ne1 12 PT-JPL 1 -0.52 PT-ATI 0 0.12 
PT-SMI 1 -0.72 PT-LSWI 0 0.29 
PT-MSVI 1 -0.70 PT-SMDI 0 -0.44 

US-Ne2 12 PT-JPL 0 -0.22 PT-ATI 0 0.33 
PT-SMI 0 -0.31 PT-LSWI 0 0.47 
PT-MSVI 0 -0.51 PT-SMDI 0 -0.29 

US-Ne3 12 PT-JPL 0 0.05 PT-ATI 0 0.56 
PT-SMI 0 -0.12 PT-LSWI 0 0.71 
PT-MSVI 0 -0.29 PT-SMDI 0 -0.09 

US-Twt 8 PT-JPL 5 2.78 PT-ATI 5 3.65 
PT-SMI 5 5.31 PT-LSWI 2 1.73 
PT-MSVI 3 1.59 PT-SMDI 3 1.64  
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agricultural fields. Our study confirmed that SMDI performed best 
although we used more cropland sites, with measurements over more 
site-years. A comparison analysis by Boschetti et al. (2014) found that 
SMDI could best separate water from sparse vegetation and that the 
LSWI can easily distinguish water from dry soil conditions. These factors 
make SMDI and LSWI effective to capture ETs variances, resulting in the 
good performance of PT-SMDI and PT-LSWI over irrigated/flooded 
cropland. Furthermore, previous studies demonstrated that SWIR-based 
indices can provide an early signal of declining soil moisture (Bajgain 
et al., 2015; Biggs et al., 2016). This suggests that they may rapidly 
respond to changes in soil water stress, contributing to higher corre-
spondence to measured ET than PT-JPL at 8-day time step. 

In comparison with LSWI and SMDI, other spectral indices had 
reduced performance over cropland. Our results indicated that PT-VSDI 
had the poorest performance over cropland on a monthly scale. The 
relatively poor performance of PT-VSDI may result from its strong 
resistance to surface water stress and high correlations with soil mois-
ture at deeper layers (20-50 cm), which contributes less to the soil 
evaporation (Zhang et al., 2013b). While NDWI also uses the NIR band 
to normalize the response of the surface to changes in moisture content, 
which is similar to LSWI, it uses a different SWIR band, contributing to 
less seasonality (Boschetti et al., 2014). PT-MSVI used the MODIS blue 
band to normalize the response of soil and provided good performance 
at irrigated sites. Likely because of the high susceptibility to atmospheric 

Fig. 8. Boxplots illustrating the seasonal distributions of ET estimates using different parameterizations of fsm versus observed ET for two typical rainfed sites (DE- 
Geb and DE-Kli) and two typical irrigated sites (US-Ne1 and US-Twt). The C3 indicates crops including winter wheat, rapeseed, and barley. The C4 indicates maize. 

Fig. 9. Seasonal dynamics of different soil moisture constraints and corresponding ET estimates for two typical rainfed grassland towers: CH-Oe1 and CN-Cng.  
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contamination (Jensen, 2009), PT-SMVI had reduced accuracy in ET 
estimation in comparison to PT-SMDI. Accordingly, the blue band is 
rarely used in water-related studies, which affects the accuracy of 
PT-MSVI in rainfed ecosystems. 

Generally, despite these results, many questions remain in the 
application of SWIR-based indices to understand changes in soil water 
availability and further improve the estimation of ETs. Firstly, although 
SWIR reflects both vegetation and soil background, spectral indices such 
as LSWI and NDWI were originally developed to detect vegetation water 
content and might be more sensitive to canopy water stress than soil 
water stress, contributing to reduced performance in grassland sites 
(Chen et al., 2005). Secondly, SWIR-based indices retrieved from the 
MYD09A1 product suffer from cloud contamination, which is similar to 
most visible and thermal remote sensing algorithms (Huang et al., 
2018). Meanwhile, the spatial scale mismatch between MODIS-derived 
SWIR (500 m) and the footprints of EC measurements (~100 m) also 
limit the application of PT-SWIR models. That said, the SWIR signal at 
500m spatial resolution may not adequately capture the spatial het-
erogeneity in surface water availability at local scale. Therefore, further 
studies are required to evaluate the impacts of SWIR at fine spatial 
resolution on ETs estimation independently in cropland-dominated 
landscapes. 

5.2.2. PT-SMI 
Microwave remote sensing is capable of measuring soil moisture in 

the top few centimeters (~1 < z < 10 cm), which makes a large 
contribution to ETs (Babaeian et al., 2019). However, the operational 
retrievals of soil moisture at moderate resolution (~1 km) remain a 
challenge despite ongoing efforts using microwave remote sensing 
techniques in the past decades. Given the spatial variability of vegeta-
tion cover is the most important control of ET variance, climate variables 
such as air humidity and soil moisture show less spatial variability. In 
our study, we used the ESA CCI SM product, which aims to provide 
complete and consistent global SM based on several active and passive 
microwave sensors. Despite their coarse spatial resolution, we found 
that the incorporation of soil moisture estimates into the parameteri-
zation of fsm improved model accuracy over grassland. Petropoulos et al. 
(2015) extensively evaluated the SMOS SM product against the 
Carbo-Europe in situ measurement network over diverse ecosystems. 
They found that the RS-based SM had improved accuracy for homoge-
neous land cover with low vegetation, due to less attenuation and 

surface roughness effects in the radar signal. Our results confirmed that 
remotely sensed moisture in the top 5 cm from the ESA CCI product can 
be a useful metric in arid and semi-arid grassland. 

For cropland however, PT-SMI had reduced performance at an 8-day 
scale, particularly for irrigated ecosystems. This finding was unexpected 
and suggests that shallow (z < 10 cm) microwave-based soil moisture 
estimates may be insufficient to assess the moisture status of deep rooted 
crops (An et al., 2016; Hao et al., 2019). However, this outcome is 
contrary to the finding of Purdy et al. (2018), who found soil moisture 
incorporation into PT-JPL can reduce errors and increase explanation of 
ET variance, with the greatest improvements in water-limited regions. It 
is worth noting that there is only one cropland site with one-year 
measurement (US-Ro1) available in their experiment, and this site did 
not manage the satellite forcing process, due to lack of SMAP observa-
tions. According to a reliability analysis of CCI product in North China, 
RS-based SM provides the highest RMSE against in situ measured SWC 
data over cropland, followed by the urban and forest land cover (Wang 
et al., 2016). Hence, we argue that remotely sensed SM may not be 
adequate in estimating ET of croplands because microwave retrievals 
relate only to the top few centimeters, particularly for the X- and C-band 
and may not effectively represent root soil water content during the 
growing season. 

5.2.3. PT-ATI 
In our study, PT-ATI performed well in grassland sites, particularly 

for the vegetation growing season. But for cropland, although PT-ATI 
provided slightly higher R2 over irrigated cropland (0.64) than rainfed 
cropland (0.62) during the crop growing season, the mean RMSE of PT- 
ATI was higher in irrigated croplands. These results further support the 
finding of Marshall et al. (2020), who suggested that MODIS-derived ATI 
is highly variable and sporadic over cropland, resulting in low perfor-
mance of PT-ATI at both 8-day and seasonal time steps. Different from 
Yao et al. (2013), we did not consider the wet soil surface evaporation 
component in agroecosystems, which could be the reason for the poor 
performance of PT-ATI. On the other hand, the application of 
thermal-based ATI is limited by the noise introduced by meteorological 
conditions (Peters et al., 2011). Moreover, MODIS-derived LST is also 
hindered by prolonged cloud cover, which leads to frequent data gaps 
(Verstraeten et al., 2006). Instead, ATI derived from weather satellite 
sensors has a higher temporal frequency than MODIS (García et al., 
2013) at the cost of poorer spatial resolution. That said, ATI obtained 

Fig. 10. Boxplots of R2, MAE, RMSE, and rRMSE for all grassland sites. Boxplot depicts median, 25% to 75% range (box) and 10% to 90% range (whiskers) and the 
asterisk indicates the mean value. 
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from high-frequency geostationary satellites might gain improvement in 
model accuracy. 

5.3. Prospects for improved soil evaporation and ET retrievals 

Based on the assumption that ET measurements from EC stations and 
ETc of PT-JPL are more reliable than ETs estimates, we isolated un-
certainties resulting from ETs estimations and assessed RS-based options 
to improve the parameterization of ETs for agricultural landscapes. 
However, many uncertainties remain in the in-situ ET and estimated 
ETc, which might lead to the underestimation of ET in agroecosystems 
(Fisher et al., 2017). First, although EC flux measurements are widely 
used in validation studies, the lack of energy-balance closure has not 
been well understood and corrected for ET validation (Jung et al., 2019). 
Because energy-balance closure varies significantly from site to site, the 
application of a correction approach cannot eliminate the closure issues 
and even leads to large systematic errors (Hirschi et al., 2017). As a 
result, we used the uncorrected fluxes and a discrepancy between the in 
situ measured ET and actual ET remained. Second, although PT-JPL can 
effectively simulate the exchange of moisture between vegetation and 
atmosphere, its ETc component is highly sensitive to the quality and 
biases of input data (Chen et al., 2014). For example, PT-JPL captures 
the vegetation dynamics by NDVI, which is the primary parameter for 
the formulation of ecophysiological constraints. However, NDVI derived 
from satellite reflectance data at 500 m spatial resolution may cause a 
pixel-to-footprint mismatch issue. Consequently, the accuracy of the ETc 
component might be limited by pixel contamination outside the foot-
print of EC sites (Fisher et al., 2020). Thirdly, uncertainties in vegetation 
density, height, and rooting depth also have impacts on the modeling of 
water movement from soil through plants to the atmosphere, which is 
not considered in the estimation of ETc in PT-JPL (Schenk and Jackson, 
2002). Finally, because the ETi is generally low over agricultural land-
scapes, we set the ETi to zero. However, it may cause uncertainties in 
rainfed croplands when rainfall concentrates in summer months and 
precipitation interception by canopy may reach a considerable amount. 
Taken together, these factors might affect the conclusion we found with 
PT-based models, such as the significant underestimation of ET in 
agroecosystems, and an independent evaluation of ETs is needed in 
further research. 

Regardless of these unsettled issues, the results of this study highlight 
the good potential of using a compound SWIR-microwave index to 
improve the model accuracy of PT-JPL in agroecosystems. With a 
consideration of the influences of soil water stress on both SWIR signal 
and microwave-based SM, we are currently exploring possible ways to 
fuse optical SWIR and microwave SM, which might be effective to 
simulate surface water availability dynamics in both croplands and 
grasslands. Because the potential SWIR-microwave index would exclu-
sively depend on remote sensing image data, it would be easy to apply at 
regional scale and have a higher spatial resolution than reanalysis at-
mospheric data. Similar fusion has been performed for other elements of 
ET estimation. For example, a recent study was conducted to optimize 
the ETc component of PT-JPL using a combination of optical NDVI and 
microwave vegetation index, due to the advantage of microwave sensor 
that is capable of working under both clear and cloudy sky conditions 
(Wang et al., 2019). Their work demonstrated that the incorporation of 
microwave vegetation index to the formulation of ETc can improve the 
model accuracy under overcast sky condition. Very recently, the ESA 
CCI SM product has been updated to v05.2, with a series of improve-
ments, such as the incorporation of SMAP radiometer data. There is 
scope therefore to assess how this update may affect the ET estimation. 
While the new ESA CCI SM is still based on microwave data only, our 
study suggests that it is worth exploring the development of a compound 
SWIR-microwave index aimed at improved ETs in PT-JPL for agricul-
tural landscapes. 

6. Conclusion 

The widely used PT-JPL model was proven to be effective across a 
variety of ecosystems, but have a relatively lower performance in water- 
limited agroecosystems, where soil evaporation makes a more signifi-
cant contribution to ET. Given that these areas are generally prone to 
issues concerning water scarcity and food insecurity, we investigated if 
the incorporation of ATI, microwave SM and optical SWIR-based spec-
tral indices into the parametrization of ETs can effectively simulate the 
exchange of moisture between land surface and atmosphere and further 
improve the accuracy of ET estimation in agroecosystems. Our monthly 
analyses showed that the incorporation of SWIR-based SMDI and mi-
crowave SM to fsm could explain additional 6% and 5% in ET variance as 
well as lower RMSE (36.07 mm month− 1 and 34.78 mm month− 1) for 
cropland and grassland respectively, when compared with PT-JPL using 
reanalysis atmospheric data. When taking crop field information into 
consideration, this investigation confirmed that most PT-SWIR models 
explained slightly more observed ET variance compared with PT-JPL 
(62%) using in situ measured RH and VPD in irrigated ecosystems, 
such as PT-SMDI (65%) and PT-LSWI (64%). One unanticipated finding 
was that PT-SMI performed poorly over cropland sites during the crop 
growing season with a mean R2 of 0.58, while it outperformed other RS- 
based models for flux towers in grasslands. 

Although during the last decades multiple efforts took place to 
improve the modelling of soil evaporation in PT-JPL, such as the use of 
ATI, microwave SM, and SWIR-based spectral indices, the present study 
provides a first comprehensive assessment of how these alternatives 
perform across a variety of agroecosystems. Results of this model in-
tercomparisons demonstrate that the optical SWIR signal and micro-
wave SM have clear advantages to simulate dynamics of terrestrial water 
availability for cropland and grassland, respectively. The findings of this 
study suggest that a combination of SWIR and microwave has good 
potential to enhance the robustness and accuracy of PT-JPL in agricul-
tural areas. 
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